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China’s economic reform and transition have spanned over thirty years, longer than
the socialist era. They have brought rapid growth and accumulation of wealth, but
also problems. This great dynamic period calls for particular attention from
academic investigators, to understand the multiple underlying processes, help
mitigate major problems, and facilitate sustainability of growth and development.
The first part of the study explores the effectiveness of a group of combination
indices used to measure the overall degree of geographical concentration of
manufacturing industries. In addition, the particular spatial patterns of the textiles
industry, machinery industry, food manufacturing industry, and electronics and
telecommunication industry are examined by the techniques of focal location
quotient and local Moran’s I index. In the second part of the dissertation, the major
objective is to answer why manufacturing activities concentrate more in certain
areas. The results show that both state capital and subsidies have substantial impact
on the location of China’s manufacturing industries.
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CHAPTER I
INTRODUCTION

1.1 The Revival of Economic Geography and Agglomeration Research
Economic activities, ranging from growing crops and extraction of raw
materials to production and consumption of final products, always take place at
certain locations. The spatial distribution of these activities is usually characterized
by unevenness, with different activities undertaken at different locations. More
than two thousand years ago, the ancient Roman Empire assigned production of
different goods to different places by different people, and perhaps established the
first complex economic system of regional specialization (Peter 2006). After the
industrial revolution of the eighteenth and nineteenth centuries, the world
witnessed the rising of sophisticated global economic networks, arranged by
specialization and geographical concentration of production of different
commodities and interconnected by international trade and investment. The
phenomenon of economic specialization and the uneven distribution of production
still hold in today’s world, with increasing intensity. In spite of ever advanced
communication and transportation technology that seems to make location or
geography irrelevant, the spatial pattern of today’s global economy proves the
opposite. Silicon Valley, as the global center of the information industry, still leads
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the world in research, development, and innovation in electronics, but today most
computers sold worldwide are assembled in and shipped from China. In a nutshell,
geography has been playing a consistently, if not increasingly, significant role in
determining economic behavior throughout human history.

It is not surprising that the location and distribution of economic activities
received tremendous attention from both economists and geographers at a very
early stage. Smith (1776), Marshall (1890) and Hoover (1948) explored the causes
of uneven distribution of production activities over space, while Weber (1929),
Ohlin (1933), Lösch (1954), and Isard (1956) focused on the location decisions of
firms. A large number of authors further explored the close relationship between
geography and economic activities; however, after the research wave based on the
quantitative revolution in geography and microeconomic analysis which gave rise
to regional science in 1960s, the interest in spatial economic issues subsided for
around two decades. It was not until the early 1990s that the interest in the role of
geography in economic activities was brought back, thanks to the works of Paul
Krugman (1991a) and Fujita and Thisse (1996, 2002), among others. The
theoretical breakthrough based on increasing returns to scale and imperfect
competition has triggered a surge of literature targeted on economic geography,
especially agglomeration economies. Today, three key issues surrounding this topic
are still at the center of attention: 1) to what extent and at what spatial patterns are
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industries concentrated geographically; 2) what factors cause production activities
to agglomerate; and 3) does industry agglomeration impact economic performance?
(Economic performance is usually measured by industrial growth, total production
output, or productivity). This dissertation aims to make both theoretical and
empirical contribution to the literature by addressing the first two questions.

1.2 A Brief Introduction to China’s Economic Geography and Development
China before 1949:
China is the oldest continuous civilization in the world today (de Blij and
Muller 2010). Thousands of years ago, along the banks of two great river
basins—the Yellow River in the North China Plain and Yangtze River in central
China—people learned to make tools, grow crops, domesticate animals, and form
communities. Since that time, China has been the most populous country on earth,
and its population today (1.34 billion) accounts for more than one fifth of the
world’s total (de Blij and Muller 2010) (Figure 1 shows a general administrative
map of China with regional division; Taiwan is excluded in this study).

Until the 20th century, Chinese society was organized by dynasties. During
some dynasties—such as the Han dynasty 2000 years ago and the Ming dynasty as
late as the 17th century—China stood at the center of the world, with its ideas,
products, and culture spread as far as Western Europe. In 1820, China still
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accounted for one third of the world’s gross domestic product (GDP) and enjoyed

4

Figure 1. Regional Division of China
(figure made by the author)

considerable trade surplus (Naughton 2007).

However, China’s economy, although sophisticated to some extent, remained
traditional and finally fell behind in the context of the rising of modern European
powers. The Qing dynasty, the last one in China’s history, refused to accept modern
European ideas and technology, and its isolationism sowed the seed of its own
demise. The Qing dynasty’s corrupt and repressive government, paralleled by
external encroachment from European powers and China’s rising neighbor Japan,
as well as constant internal rebellion, led to collapse of its rule in 1911 (Maidment
1998).
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The newly formed national government, under the Nationalist Party, spent the
next 15 years trying to unify the devastated state, overcoming warlord domination,
political fragmentation, and a lack of resources, with some limited success.
Although precarious, early industrialization and modernization took place around
treaty port cities along the eastern coast (associated with foreign intervention) and
Northeast China (Manchuria), with the former centered on light consumer goods
and the latter targeting heavy industry which produced raw materials for Japanese
industries (Naughton 2007). However, the limited prospect of China’s development
under the Nationalist Party was doomed by the invasion by Japan and the
following civil war against the Communist Party, which lasted for more than a
decade. After the civil war, following more than a century’s instability and
countless tragedies, the Chinese Communist Party finally founded the People’s
Republic of China (PRC)—today’s China—in 1949.

As for economic geography at the end of this period, major production
capacities could only be found in northeast China, left by the defeated Japanese,
and a few coastal cities where relatively modern industries were established by
both foreigners and early domestic industrialists. The war destroyed a great part of
these areas, but what remained laid the indispensible foundation for the economic
restoration and early takeoff after the war, given that the rest of the country was
almost completely rural.

6

Socialist Era (1949-1978):
The economic history of China can be divided into socialist era
(1949-1978) and opening era (1978-current), with sub-eras within each (Naughton
2007) (Table 1 shows the detailed stages of economic development after 1949).
When the chaotic war time ended, China was impoverished and devastated both
socially and economically. Because of its humiliating history in relationships with
imperialist powers and its socialist ideology, it is not surprising China completely
adopted the Soviet Union’s institutional and economic model at the early stage.
Under the Soviet model, the whole economic system was centrally planned, from
collective farming in rural areas to inward-looking “Big Push” industrialization
centered on capital-intensive heavy industries. The price system was determined by
the central government or its representative agencies, and economic resources were
allocated according to planning. State-owned enterprises (SOEs), large and small,
were the dominant actors in the economic system, which produced around 80% of
the total industrial output of the whole country (Veeck, et al. 2011). However,
SOEs suffered from certain severe problems, such as inefficient production, lack of
incentives, weak corruption control, soft budgets, low technology levels, and so on.
The plight of SOEs not only hindered the growth and development of the national
economy, but also shed light on the deficiencies of this central planning system per
se. In addition, although the political system was stable during this first era, from
1949 to 1978, economic policies were so erratic that some gave rise to distinct and
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Table 1. Stages of China’s Economic Development after 1949

1949 -1952

1953 -1956

1956 -1957

Economic recovery
The twin peaks of the first
Five-Year Plan
The “Hundred Flowers”
retrenchment

1958 -1960

The Great Leap Forward

1961 -1963

Crisis and readjustment

The Socialist Era:
1949 -1978

1964 -1966

1967 -1969

1970 -1978

The Opening Era:
1978 - present

New expansion hijacked by
radicalism
The Cultural Revolution
Consolidation and Drift, end of
Maoist era

1978 -1983

Contracting land to households

1984 -1993

“Dual-track system”

1994 - present
The table is organized according to Naughton (2007)
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Building firm institutional basis
for market economy

successful results whereas others caused severe disasters. Two policy failures—the
Great Leap Forward and the Culture Revolution—were especially striking, causing
tens of millions of deaths and huge economic setbacks. The serious problems
internal to this political and economic system were recognized by many top
officials of the country, and after the death of Mao in 1976, China was guided
toward a whole new direction, opening the new era in China’s economic history,
and this time, with significant success.

Because economic and political isolationism prevailed during this period,
economic development was directed toward interior areas. This meant that the
coastal cities, with considerable comparative and locational advantages, were
relatively neglected. On the other hand, the industrial base that was already
established in northeast China was adopted and transformed, making this area the
leading industrial center during the whole period before transition, accounting for
about one third of the country’s total industrial output (Veeck, et al. 2011). During
the 1960s, the central government also launched the program of the “Third Front”,
which brought large amount of industrial production into remote and mountainous
interior areas (Veeck, et al. 2011). Although this was for national security and other
political reasons, the economic consequences of this policy involved low
production efficiency and huge waste of already limited resources in allocation. In
a nutshell, the economic geography from 1949 to 1978 centered on northeast China
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and also toward interior areas. With China entering into the new opening era, this
spatial pattern would be reshaped completely at an astonishing pace—a dynamic
phenomenon that forms the backdrop of this dissertation.

Opening Era (1949-1978):
Facing economic and political difficulties inflicted by the socialist era, in
December, 1978, the Chinese Communist Party’s Third Plenum of the 11th Central
Committee put China on another development trajectory, under the second leader
after Mao, Deng Xiaoping—marking the beginning of economic reform that
reshaped almost every aspect of the gigantic country (Naughton 2007). Compared
to many similar transitions of other former socialist countries, China’s reform
distinguished itself by making step by step, gradual changes rather than completing
it overnight, and so far it appears to be one of the most successful transitions.
China’s miraculous economic development during the transition could also be
understood as a late comer in the context of the regional boom across eastern Asia
after the 1950s, including Japan, South Korea, and Taiwan. The whole region,
though not at the same time, enjoyed fast industrialization and growth by
integrating into the global economic system traditionally dominated by the western
world.

Today, China has already experienced a longer period in its economic
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transition than under its socialist economic system. Although many problems in
development created headlines from time to time, such as environmental pollution,
rising inequality, and large scale consumption of energy and raw materials, it is
undeniable that the reform is generally successful so far. After thirty years, China
has transformed from an impoverished, backward agricultural state into one of the
strongest industrial powers; and its wide variety of exports, ranging from socks and
clothes to iPhones and laptops, are sold all over the world. The World Bank has
moved China from the low income country group into the lower-middle income
country group (de Blij and Muller 2010). Hundreds of millions of people have
stepped out of poverty, lived longer and healthier, and received better education.
The national economy as a whole, according to the Bloomberg report (2010), has
surpassed Japan to become the second-largest economy in the world, more than 90
times larger than when the decision to open its economy was made in 1978.
Although there are signs of slower growth recently and uncertainties about what
will happen next, it is reasonable to conclude that market transition indeed works
in China and its economy will continue to expand in the foreseeable future (Figure
2 shows the annual economic growth rate after 1978, compared to the US).
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Figure 2. Annual GDP Growth Rate of China and US after 1978 (Source: UN
Statistics Division, National Accounts Main Aggregates Database.)

As for the specific approach of the market transition, China’s choice was
gradualism over the “big bang”. Naughton (2007) further recognizes two stages in
the whole movement. The first stage is generally from 1978 to 1993. Although
industrialization or manufacturing is the trademark of China’s economic transition,
the reform actually began in rural areas. Having learned harsh lessons from the
socialist era, the reformers understood that economic development could never be
successful without a solid agricultural base. The old commune and collective
agriculture network was broken down and the land was contracted back to
households in order to give them incentives to increase yields. In addition, the
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green revolution—better seeds, chemical fertilizers, and irrigation—further
increased agricultural output. Not long after the reform began, China not only fed
its people but also freed millions of farmers from the land, laying a sound
foundation for urbanization and industrialization.
In the industry sector, the first stage witnessed a dual-track production system
in which central planning and the market coexisted. The SOEs were still assigned
production targets according to central planning, but they were also allowed to use
extra capacities to produce more and sell their surplus on the market for profits.
During the same time, the town and village enterprises (TVEs) in rural areas,
usually collectively owned and small in scale, played a major role in the formation
of the market. TVE’s share of GDP surged from 6% in 1978 to 26% in 1996,
serving as the engine of marketization (Naughton 2007). As the share of central
planning became less and less important, paralleled by the increase of market
forces, the whole economy gradually “grew out of plan” and a market-oriented
economic system was established. In addition, one particular tool of gradualist
transition is the opening of special economic zones (SEZs), as experimental areas
of progressive policies and institutional change. Four SEZs—Shenzhen, Zhuhai,
Shantou, Xiamen—were set up at the beginning, targeting Hong Kong, Macau,
Southeast Asia, and Taiwan as sources of trade, investment, and technology
transfer, respectively. Trade and investment are encouraged in these zones, and
business procedures are simplified. When confirmed as a success, more SEZs and
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other special zones were opened along the coast and later inland, and the
successful experiment spread rapidly across the country. In summary, the first stage
of reform was cautious and incremental. A new system was created and extended
while the old one still existed and dominated the country. This period was also
marked by “reform without losers”, in that the living standard of the farmers was
improved through agricultural reform, while the urban sector was also protected
and almost everyone was still employed.

However, the “reform without losers” situation was not sustainable, given its
burden on the fiscal system and other institutions. With stability achieved and
tentative success—the command economy was dismantled, ownership diversified,
competition created, trade barriers lowered, and investment attracted—the time
was ripe for more drastic changes. The second stage of reform, which is still
ongoing today, focuses on building a firmer institutional environment suitable for
the market economy and globalization. During this process, the central planning
system was completely abandoned; a new fiscal and tax system, a new banking and
financial system, a new type of corporate governance, and a new trade system were
established. It is during this period that a huge social and economic movement
occurred. Most of the SOEs, especially smaller ones, were privatized and
downsized, leaving around 30 million workers unemployed in a short period (Gu
1999). The newly emerged private sector and foreign investment gradually
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absorbed some workers who were laid off by state sectors, but others were left
behind during this process, generating certain social tensions. Inequalities between
regions, between urban and rural areas, and among social groups have been
widening, creating obvious winners and losers from reform: a contentious topic in
domestic and international political and economic fields. As a milestone of reform,
in December 2001, China became a member of the World Trade Organization
(WTO), consolidating the role of trade and foreign direct investment (FDI) in
economic development. China today has a trade/GDP ratio around 65%, far higher
than other large countries (Naughton 2007). The annual FDI inflow is around 60
billion US dollars, much more than another fast growing country, India
(Himachalapathy et al. 2012).

The drastic change in social and economic environments has far-reaching
geographical consequences. The historical industrial core area in northeast China
has become the biggest loser. Dilapidated factories, a high level of unemployment,
depletion of natural resources, migration of skilled labor to the booming coastal
areas, and lack of investment make northeast China a typical rust belt. On the other
hand, the former neglected coastal areas, because of policy and location advantages,
have regained their leading status in economic development. Beijing-Tianjin,
Shandong, Shanghai, Jiangsu, Zhejiang, Fujian, and Guangdong have formed an
industrial belt that has few equals or superiors in the world. Although the central
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government launched the West Development Program in 1999 and Northeast
Restoration Program in 2003, in the hope of easing regional inequality, the coastal
core area appears to continue to reinforce itself as the engine of industrial China.

What May Happen Next?
From the beginning, China’s economic transition is “one without a clear
blueprint”, because there were few successful historical examples to adopt. One
famous saying about this movement is “crossing the river by groping the stepping
stones under water.” So far, most aspects indicate that the reform is generally
successful, in terms of socio-economic development and rising global influence.
However, as the reform turns into its fourth decade, uncertainties and side effects
have kept mounting. The levels of inequality between coastal and interior areas,
between urban and rural areas, between the rich and the poor have been rising.
Most cities have witnessed declining environmental qualities, the old social
security system was broken down during the reform while the new one has been
slow to be developed, and the problem of institutional corruption has also been
worsening. Although economic growth appears to be sustainable in the short run,
the success of dealing with those challenges will determine long-term stability and
prosperity. So far, the central government has spent great efforts toward these
problems, but the results remain to be seen in the future.
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On the other hand, as China has gradually “grown out of plan”, and become
more market-oriented, it seems many aspects of socio-economic development are
beyond government control. It should be seen as a positive sign because shifting
from central planning to the market mechanism is the fundamental objective of
reform. However, as Naughton (2011) suggests, China’s economic system is not
going to be converted into a complete market economy. This becomes clearer after
the global economic crisis in 2008. State activities, still a significant part of the
national economy, have become more important as a tool of stimulating growth
and increasing national competitiveness. Whether this trend will sustain itself or it
is only an expediency arising from crisis remains to be seen in the long run.
However, it is clear that China’s current goal is to build a state regulatory market
economy whose industries are expected to compete with those of developed
economies.

1.3 Statement of Problem and Structure of the Dissertation
The rapid economic growth of China’s economy and its rapidly restructuring
economic geography have drawn attention from scholars all over the world. This
great dynamism calls for continuous study. This dissertation aims to contribute to
the literature on China’s economic geography in the context of its transition,
focusing particularly on the geographical concentration of manufacturing
industries. First, it attempts to provide a better, more comprehensive, framework to

17

measure agglomeration of manufacturing activities. Then it tries to answer the
question why agglomerations of manufacturing industries happen at certain
locations. In other words, the determinants of agglomeration will be explored.
Because of China’s special political-economic system with strong state
intervention, special attention will be given to state activities such as state capital
and state subsidies.

The dissertation is structured as follows: the next chapter will provide the
background of the study, related literature, and the current gap in research. Data
sources used in the dissertation will be described in Chapter 3. Chapter 4 shows the
methods and models used in this research. The results of the analyses will be
presented and interpreted in Chapter 5 and Chapter 6, which focus on measuring
agglomeration and finding the determinants of agglomeration, respectively. Finally,
the dissertation will conclude in Chapter 7 with further discussion and policy
implications.
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CHAPTER II
BACKGROUND

2.1 Theoretical Background on Agglomeration Economies
Agglomeration economies are widely used to interpret the phenomena of
regional production specialization and geographical concentration of industries.
The study of agglomeration economies has been active for a long time, from early
forerunners who laid the foundation of the field (Smith 1776; Marshall 1920; Ohlin
1935; Hoover 1937), to those who have revitalized interest in this issue (Krugman
1991a; Fujita and Thisse 1996; Puga 2010). Marshall (1920) first provided a
classified schema to interpret why firms tend to cluster at certain locations, in spite
of rising input prices and fierce competition among them. He identified three
sources of industry agglomeration—intermediate input sharing, common skilled
labor pool, and information spillovers. These sources are external to individual
firms and usually pertinent to firms within the same industry. Krugman (1991b)
provides a good description of Marshall’s work. Arrow and Romer formalized
Marshall’s concepts and these external factors that draw firms together are widely
recognized as Marshall-Arrow-Romer (MAR) externalities (Arrow 1962; Romer
1986).
Hoover (1948) grouped agglomeration into firm-specific, sector-specific, and
city-specific categories, of which MAR externalities belong to the second. Jacobs
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(1969) later picked up the concept of city-specific agglomeration sources, arguing
that the concentration of economic activities within a large and diverse urban area
tends to exert a strong positive impact on regional economic development, largely
due to general knowledge spreading from person to person. Different from Hoover,
who emphasized city-size as a factor of agglomeration, Jacobs (1969) suggested
that urban economies benefit more from a diversified economy. MAR externalities
and Jacobs externalities are also respectively called localization economies and
urbanization economies in the literature, both forming the foundation of
agglomeration analysis that is still used. Krugman (1991a) established a spatial
economic model to interpret the mechanism of production agglomeration, laying
the foundation of ‘new economic geography’ theories. Krugman and other new
economic geographers’ work are based on the modeling of imperfect competition
and increasing returns to scale from Dixit and Stiglitz (1977). Therefore, the new
economic geography theory explains theoretically the first category of Hoover’s
classification—firm-specific agglomeration economies. In these models, if there
are strong internal economies of scale and low transportation costs, production
activities will concentrate at certain places and those clusters will sustain
themselves. This phenomenon is explained in terms of a mutual relationship
between local demand and location advantage gained from high increasing returns
to scale. The new economic geography theories have reinvigorated interest in
research on agglomeration economies, and further studies have been conducted
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based on previous frameworks (Nakamura 1985; Henderson 1986; Glaeser 1992;
Ciccone and Hall 1996; Moomaw 1998; Rosenthal and Strange 2001, 2003; and
Viladecans-Marsal 2004; Cohen and Paul 2005). However, both theoretical and
empirical works are still needed to further explore agglomeration economies as a
complex and multidimensional phenomenon.

2.2 Measuring Industrial Agglomeration
Measuring industry agglomeration properly is the cornerstone problem in
agglomeration studies. Although there is basic consensus that production is
unevenly distributed over space at any geographic scale, the means of examining
industry agglomeration properly are not completely satisfactory. To measure the
degrees of geographical concentration of industries, a series of global indices such
as the Herfindahl index and locational Gini coefficient have been established
(Audretsch and Feldman 1996; Brulhart, et al. 2001; Viladecans-Marsal 2004;
Goschin, et al. 2009). Theoretically, both those indices have a range from near 0 to
1, with the former indicating an even distribution of production across the whole
study area, while the latter indicates all production activities are concentrated at
one specific location. Another global measure was developed by Ellison and
Glaeser (1997) and has been widely used in empirical analysis (Alonso, Chamorro,
and Gonzalez 2004; Alecke, et al. 2006; Bertinelli and Decrop 2005; Braunerhjelm
and Johansson 2003; Devereux, Griffith, and Simpson 2004; Maurel and Sedillot
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1999). However, these global indices, that measure the uneven distribution of
production activities across isolated spatial units, are widely criticized for
neglecting the existence of interdependence among spatial units that is a crucial
factor in the development of agglomeration economies. One problem, for example,
is that these indices could indicate that there are production clusters over space, but
they are unable to reveal whether those clusters are in proximity to each other or
uniformly dispersed in their geography.

To solve this problem, measures of

spatial autocorrelation are often used as a complement to the traditional global
indices. The spatial autocorrelation measures are positive when high value units or
low value units are located proximately over space, but negative when high value
units and low value units are inter-dispersed across the study area. Two popular
measures of spatial autocorrelation are Moran’s I and the Getis-Ord G statistics
(Moran 1950; Getis and Ord 1992). Studies of China’s economy that use measures
of spatial autocorrelation can be found in He, Wei, and Xie (2008) and Hanink,
Ebenstein, and Cromley (2010). Measures of spatial autocorrelation alone,
however, can also miss another important aspect of industry agglomeration, that is,
the degree of uneven distribution accounted for by traditional indices.

Given that issue, Guimaraes, Figueiregdo, and Woodward (2011) have recently
extended the Herfindhal index, Gini coefficient, and Ellison-Glaeser index to
include spatial information. Earlier Arbia (2001) examined the pros and cons of
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both traditional measures of geographical inequality and measures of spatial
autocorrelation, and conceptually developed measures that combine the two. This
dissertation applies such combination indices to a county-based industrial dataset
for China. The application is important because when studying the impact of
industry agglomeration on economic performance, many studies use regression
models that regress traditional indices such as the Gini coefficient (e.g., Wen 2004)
or Ellison and Glaeser index (e.g., Lu and Tao 2009) for individual industries
against a set of explanatory variables representing sources of agglomeration
economies and other control variables. Because aspatial traditional indices neglect
half of the picture of geographical concentration of industries, the results of those
models may be incomplete. Therefore, an effective combination index may not
only better measure the degree of agglomeration of industries, but also benefit
research on the sources of agglomeration economies.

Local statistics serve as a good complementary approach to global ones in
measuring the geographical concentration of industries. Global measures are
spatially invariable values and thus are not able to present the specific spatial
patterns of production, while local measures have the potential to identify
particular industry clusters. The location quotient has been a widely used tool for
exploring the spatial distribution of specific industries (Blair 1995; Stimson et al.
2006). It has the advantage of being easy to calculate and also easy to map.
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However, similar to the traditional global indices of concentration, the location
quotient has been criticized for its spatial isolation in that the potential existence of
spatial dependence is neglected. Neighbor characteristics have no impact on the
value of a location quotient, but in reality production clusters usually extend
beyond boundaries of the administrative units that support most area-based
statistics. An alternative approach is the use of local indicators of spatial
association (LISA), such as the local Moran’s I and local G-statistics (Anselin
1995; Getis and Ord 1992). LISA statistics take spatial dependence into account so
that their local values are influenced by the characteristics of neighbors. The
specific impact is determined by the values in a spatial weight matrix that defines
the spatial structure of the study area (Getis and Aldstadt 2004). Carroll, Reid, and
Smith (2007) use both location quotients and the local G-statistics to identify the
potential automobile industry clusters in the Midwestern USA. When studying the
agglomeration of manufacturing and service industries in Italy, Dominicis, Arbia,
and Groot (2007) compare the location quotient and the local Moran’s I statistics.
These studies suggest that because of their inclusion of spatial dependence LISA
statistics have an advantage over location quotients in identifying spatial patterns
of production.

Recently, Cromley and Hanink (forthcoming) have developed a focal location
quotient (FLQ) to incorporate the element of spatial dependence into the traditional
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location quotient method. The FLQ is an alternative to LISA statistics in concept
and formula, but also considers neighboring effects in its computation. This
dissertation will compare the effectiveness of both the FLQ and the local Moran’s I
as tools of identifying spatial patterns of production. The application of FLQ in this
dissertation is its first application to manufacturing data measured at a national
scale and provides its first direct comparison to the local Moran’s I LISA statistic.

2.3 Determinants of Industrial Agglomeration
We all know production is geographically concentrated over space. When it
comes to why production concentration happens, agglomeration economies are
generally considered as the most important factor. Puga (2010) summarizes the
substantial evidence of agglomeration economies which can be seen from three
perspectives: 1) production is more clustered geographically even after controlling
for random factors and comparative advantages; 2) wages and rents are higher in
larger urban areas than in smaller ones; 3) productivity is usually higher where
there is a concentration of production activities. However, although the evidence is
rich, it appears rather difficult to identify different causes of agglomeration and
distinguish them from each other. Theoretically, causes of agglomeration are
usually categorized by urbanization economies, localization economies, market
conditions, natural advantages, transportation costs, and other factors. Early
empirical studies include those by Audretsch and Feldman (1996), Dumais, Ellison,
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and Glaeser (2002), and Rosenthal and Strange (2001). Audretsch and Feldman
(1996) focus on the effect of knowledge spillovers, and claim that innovative
activities are geographically more concentrated than overall production activities.
They also find that industries with higher knowledge intensity are generally more
agglomerated than traditional industries. Dumais, Ellison and Glaeser (2002), on
the other hand, find a more significant effect of agglomeration in labor market
pooling. Rosenthal and Strange (2001) regress the Ellison and Glaeser index on a
series of agglomeration factors as well as control variables, including transport
costs and natural advantages. The relationship between distance and the degree of
influence is also examined. They find labor market pooling has the strongest
impact on industry agglomeration, which is significant at all geographical scales. A
knowledge spillover effect is important at the zip-code level, meaning the effect
decays drastically as the distance increases, whereas natural resources and
transport costs both have positive impacts at the state level. The rapid distance
decay of agglomeration economies is also suggested by Rosenthal and Strange
(2003) and Viladecans-Marsal (2004).

There is still no consensus about whether urbanization economies or
localization economies are more important, let alone the relative importance of
sub-factors within each classification. Some studies find that urbanization
economies, rather than localization economies, determine industrial location
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patterns (Glaeser et al. 1992; Henderson et al. 1995; Moomaw, 1998). In contrast,
other studies identify localization economies as the major factors (Henderson, 2003;
Ellison at al. 2010). Duranton and Puga (2004) establish another framework to
understand agglomeration economies. They argue that firms choose to locate near
each other because of sharing, matching, and learning activities. Firms that are
proximate to each other could share common labor pooling, suppliers, and
infrastructure. They tend to find better matches between employers and employees,
buyers and suppliers, as well as business partners, and they can learn from each
other.

More specific work has been conducted beyond that, focusing on a simple
urbanization-localization division. Overman and Puga (2010) examine the effect of
sharing labor pooling and suppliers using UK data. Their results imply the
importance of the labor pooling mechanism on industry location. In addition, they
find the extent of sharing suppliers depends on the spatial distribution of those
suppliers—the more geographically concentrated the suppliers are, the more
significant the effect of input sharing. For sharing suppliers, Amiti and Cameron
(2007) also find that the benefits gained from proximity to suppliers declines with
distance in Indonesia.

Ellison, Glaeser, and Kerr (2010) further explore the question of why firms of
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different industries sometimes tend to be located near each other. In examining this
problem of industry co-agglomeration, they find industries that buy similar inputs
and hire similar workers tend to be close to one another geographically. However,
because of the extreme complexity in distinguishing different causes of
agglomeration, further studies are still needed. Moreover, some interest has shifted
gradually from developed countries to rising developing countries, especially
China. As a more market-oriented economy than it used to be, China’s industrial
location seems also to be influenced by agglomeration economies, but differences
in mechanisms may also exist compared with developed countries or other
developing.

2.4 Agglomeration Studies in China
China’s economic transition, starting in 1978 and now having a longer time
span than its socialist era, has had a significant impact on its economic geography.
This more than 30-year period has witnessed the drastic reorganization of social
and economic institutions, large-scale privatization and downsizing of state owned
sectors, a huge torrent of migration from rural to urban areas, and enormous flows
of foreign trade and investment. As a result, China has been transformed from one
of the most isolated agricultural economies into an industrial giant, the second
largest economy in the world. In parallel with the rapidly rising economic and
political influence of China, the interest among domestic and international scholars
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on China’s economic geography, especially the spatial distribution of
manufacturing activities, has increased continuously. Early studies on the
geography of production in China have observed the torrential movement of spatial
restructuring, characterized by the rapid rise of the coastal region, the plight of the
rust belt in the northeast, and the isolation of western China. New liberal policies,
advanced infrastructure, and historic ties with overseas Chinese are usually among
the factors that help explain the fast growth along the coast (Leung 1993; Hsing
1996). Export-oriented industrialization, driven by SEZs and other special zones,
was the leading movement during this process (Fan 1995; Fan 1997). In addition,
many areas in the coastal region have gradually formed sophisticated production
networks whose elements are interconnected to each other—an economic
environment that is similar to the Third Italy model of flexible specialization and
has consolidated the economic strength of the region (Wang 2001). However,
history still plays a major role in China’s economic geography. Key industries,
especially capital-intensive, heavy industries, were particularly directed toward
inland locations and discouraged from spatial concentration (Huang 1999;
Naughton 1988); and those decisions still have clear footprints today (Sit and Lu
2000).

In parallel with the changes of centers of development and driving forces,
many scholars have paid great attention to the trend of regional inequality—one of
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the major concerns of development in recent years. Although enormous economic
and political measures had been taken to reduce interregional disparities during the
socialist era under Mao, especially between the coast and the interior, they had
only limited success (Young 1991; Wei and Ma 1996). However, it is during the
later period of economic reform after the 1990s that inequality has been a severe
problem (Demurger et al. 2002; Zhang and Zhang 2003). Lu and Wang (2002)
explore the problem from three dimensions—between provinces, between regions,
and by rural-urban division. They find that interprovincial and regional disparities
did not acquire an upward trend until 1990s, but the gap between rural and urban
areas has been widening since as early as 1984. Using more recent data, Fan and
Sun (2008) indicate that both interregional and intraregional inequalities declined
between 2004 and 2006, thus also driving down the interprovincial inequality. This
result shows some positive signs of success of earlier anti-inequality policies, like
those in five year plans and more specific projects such as Western Development
and Northeastern Restoration Programs. However, the degree of inequality is still
at a very high level by international standards, and the future balance of
development remains uncertain.

Behind this drastic reshaping of economic growth and regional inequalities is
the restructuring of the geography of production. However, although some scholars
show interest in this area, not as much attention has been paid to the issue of
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geographical concentration of industries in China as to growth and inequalities.
The detailed studies of measuring geographical concentration of China’s industries
were perhaps initiated by Fan and Scott (2003), who used the Herfindahl index to
measure geographical concentration and found a positive relationship between
industry agglomeration and productivity. They also found that labor-intensive
industries are more geographically concentrated in China. Using Gini coefficients,
Wen (2004) identified a trend of increasing geographic concentration for most
manufacturing industries from 1980 to 1995, the first phase of economic transition.
In contrast, Bai et al. (2004), employing a Hoover index, found a U-shaped pattern
of evolution of the general degree of industry agglomeration, with the turning point
around 1988. Each of these early studies was conducted at the provincial level, and
therefore could only draw conclusions at a fairly broad geographical scale.

Later, He, Wei, and Pan (2007) examined the relationship of globalization and
local protectionism in shaping industry agglomeration at a much finer county-scale
of analysis. That scale was also used by He, Wei, and Xie (2008) in their
examination of the factors underlying geographical concentrations of industry. Lu
and Tao (2009) used the Ellison-Glaeser index in finding that agglomeration of
China’s industry is a persistent trend. Lu (2010) also used the Ellison-Glaeser
index in a study to explore the effects of enterprise ownership on industry
agglomeration. The results of that study implied that state-owned enterprises
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(SOEs) are not only more dispersed geographically than firms of other types of
ownership, they also benefit less from Marshallian externalities. More recent
analyses use more disaggregated levels of geographic units and industrial
classification. However, spatial dependence in the datasets is not taken into
account because the indices used in those studies are spatially isolated. Ye and Wei
(2005) as well as Yu and Wei (2008) have used spatial autocorrelation measures to
examine the industry agglomerations for Zhejiang Province and the Greater
Beijing area. At the national level, He, Wei, and Xie (2008) and Hanink, Ebenstein,
and Cromley (2010) have used Moran’s I to study industry agglomeration.
However, the traditional indices of industry concentration and spatial
autocorrelation measures are treated separately in those papers. Furthermore, the
spatial patterns of production clusters for specific manufacturing sectors at the
national level have not been examined using the local spatial statistics applied in
this study.

Besides measuring geographical concentration of industries, another key issue
involves accounting for the determinants of spatial concentrations in China, which
is most often analyzed in the context of agglomeration theory (Krugman 1991a;
Fujita and Thisse 1996; Puga 2010). Analyses include those by Batisse (2002), Fan
and Scott (2003), Gao (2004), Au and Henderson (2006), Liu (2007), and Hanink,
Cromley, and Ebenstein (2011). These empirical studies show that conventional
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urbanization and localization economies, natural advantages, as well as exports and
FDI, have all been considered factors that impact China’s industrial location;
however, the results remain complex. For example, Batisse (2002) finds
urbanization economies contribute to industrial growth, while the study by Gao
(2004) claims they are irrelevant. Therefore, further studies on this issue are still
needed. Another specific issue that deserves notice is that all those agglomeration
theories are developed under the basic assumption of a western market economy.
As China has been continuously transformed toward a market-oriented economic
system, this assumption should be justifiable. As Naughton (2007) noted, China
through reform has moved from one of the “outlier countries” toward being a
“normal country”. Today around seventy percent of China’s GDP can be attributed
to its private sectors, which are generally free from state intervention (Naughton
2011). Moreover, the path of development in China shares more similarities with
surrounding East Asian countries and political entities, such as South Korea, Japan,
Hong Kong, and Taiwan, that have similar formal and informal institutional
environments (Fan and Scott 2003). Actually, the miraculous success of these
neighbors after the 1960s is one of the main reasons that China was determined to
liberate its economy and integrate into the global economic web. In other words,
China has been learning from experiences of those forerunners and tried to imitate
their successes.
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However, China’s economic development also has its distinct characteristics.
First of all, China has attracted a large amount of foreign investment to help boost
its industrialization and trade. Such foreign investment is usually strongly
restricted in Japan and South Korea. Today, China’s annual foreign direct
investment (FDI) inflow has surpassed 100 billion dollars and it has become the
number one destination of FDI worldwide. Secondly, China is also different from
other East Asian and Southeast Asian countries in that it relies on extremely high
domestic savings, not just FDI, as a major source of investment. But most
importantly, China distinguishes itself by its gigantic size and its long period of
socialism. Although the market is the main actor in social and economic life in
China today, it is clear that China has not fully transitioned to a market economy,
and that SOEs continue to play an important role (Hu and Lin 2011). Fan, Morck,
and Yeung (2011) argued that an important component of political-economic power
for the Chinese Communist Party is its control of SOEs in both the manufacturing
and financial sectors.

That control is not likely to be loosened in the foreseeable

future (Du, Lu, and Tao 2009). In fact, Naughton (2011) described an increasing
emphasis on state control and influence in China’s economy that began with a
change in that country’s policies in 2003.

Those policies included an effective

end to privatization of large, centrally-controlled SOEs and a commitment toward
the maintenance of a large state-controlled sector of the economy.

According to

Naughton (2011) a type of “reform fatigue,” coupled with the global financial
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crisis, has re-energized government interest in using the state sector as a means of
achieving policy goals. Therefore, besides considering agglomeration economies
and other economic factors, state activities should be included as a major concern
in the study of industry concentration in China.

At least four papers on agglomeration in China have considered state activities
by examining the spatial behavior of state-owned enterprises (SOEs). He, Wei, and
Xie (2008) found that SOEs are more geographically dispersed than are other
enterprises. Lu and Tao (2009) found that those industries with higher shares of
SOEs had relatively low levels of spatial concentration, or agglomeration. They
argued that local protectionism limits geographic concentration in those industries
with high shares of SOEs. Lu (2010) found that SOEs had lower levels of
agglomeration at the establishment level, and suggested that such firms are less
likely to benefit from external economies. In the fourth paper, Fu and Hong (2011)
found that SOEs in China benefit less from agglomeration economies than do
private non-state owned enterprises. These studies are the points of departure of
this dissertation, which also focuses on the role of state activities in shaping
geographical concentration of industries, but from different perspectives.

SOEs are the main representatives of state economic activities, and are
typically regarded as relatively inefficient, especially with respect to relative
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over-employment that leads to lower productivity than is found in China’s private
enterprises (Lu and Wang 2002; Song, Storesletten, and Zilibotti 2011). Whalley
and Xing (2010) indicated, however, that SOE over-employment is no longer
significant, and Gong, Görg, and Maioli (2006) reported that privatization of SOEs,
especially by foreign investors, does not lead to reductions in employment. Bai, Lu,
and Tao (2006) have modeled privatized SOE employment and financial
performance at different scales of government control: central, provincial, city, and
county. Their results support the proposition that different levels of government
have different objectives with respect to SOE maintenance, with social stability
being more important at central and provincial levels and efficiency more
important at city and county levels. The spatial distribution of SOEs reflects the
social stability objective, with a much higher relative representation in the interior
of China than on its coast (Fujita and Hu 2001). Interior SOEs help stabilize
employment, in particular, and help reduce the flow of migrants toward coastal
locations. Meeting the social stability objective, rather than responding to market
signals, may be one reason that SOEs have been found to be less affected by
agglomeration economies than are privately owned enterprises.

The role of non-central SOEs increased in importance in the 1990s when fiscal
policy was changed in China (Zhao and Zhang 1999). That change greatly reduced
the central government’s reliance on SOEs for revenue, at the same time their
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privatization was being encouraged, and decentralized budgets made lower levels
of government responsible for their own revenues.

Given the changes, more local

SOEs grew in importance, and protectionist policies to protect the viability of
those SOEs were enacted (Young 2000). Local protectionism in China as a drag on
productivity and factor mobility has been cited in a number of papers, including
Cai, Wang, and Du (2002), Poncet (2006), Li (2008), Wei, Li, and Wang (2007),
Zhang and Tan (2007), and Chien and Gordon (2008). Local (provincial to county)
protectionism has been found to be a deterrent to agglomeration of industries in
several analyses, including those by Bai, Du, Tao, and Tong (2004), He, Wei, and
Pan (2007), and He, Wei, and Xie (2008). The dispersal of SOEs under regional
protectionism occurs because of intra-national trade restrictions that limit industrial
concentration and encourage inefficient duplication of production across
jurisdictions.

SOEs are the most easily observed form of state capital activity in China’s
economy. There are, however, alternative forms (Wei, Varela, and Hassan 2002). In
addition to SOEs, state capital is active in mixed private/state enterprises that are
often the result of managerial investment in formerly fully SOEs (enterprises
completely owned by the state). State capital is also deployed in joint ventures
between government entities and foreign investors. China’s SOEs benefit from
privileged access to capital within the country and are also frequently targets of
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foreign capital participation. Girma, Gong, and Görg (2005) found that SOEs with
foreign participation are often leaders in innovative activity.
Another form of state capital is subsidy. Subsidies are provided by all levels of
government in China, but data on allocations are only easily available for the
national level. As late as 1992, nearly two-thirds of national subsidies in China
were made to SOEs in order to offset operating losses (Girma, Gong, Görg, and Yu
2006). By 2004, however, more than 84% of national subsidies were devoted to
improving innovation, science, and technology performance, and were allocated to
both private enterprises and SOEs. Over time, national subsidies have grown
considerably, from about 62.5 billion RMB in 1985 to nearly 147.5 billion RMB in
2004 (Girma, Gong, Görg, and Yu 2006). The impact of state capital and state
subsidies on local industrial concentration is the second major focus of this
dissertation.

2.5 Difficulties and Research Gaps in Analyzing Agglomeration in China
Several difficulties can be observed in the literature on the geographical
concentration of China’s industries. Some of these difficulties are also shared by
studies of other countries and regions. For example, the task of measuring industry
concentration and distinguishing different sources has proven difficult, and is one
of the major objectives of this dissertation. Furthermore, the existence of spatial
dependence and the modifiable areal unit problem (MAUP) has also plagued
research on this issue, calling for more careful considerations. On the other hand,
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there are also difficulties arising from China’s distinct characteristics. First of all,
China has experienced tremendous social and economic changes after reform,
perhaps in unprecedented intensity, including five dynamic and interconnected
movements: industrialization, urbanization, privatization, decentralization, and
globalization. This complexity makes research on China’s economic geography
difficult because there are so many factors of concern and none of them is easy to
measure. Secondly, China’s social and economic landscape has been changing at a
pace that may never have been witnessed before. Whatever is true for today can
become simply history tomorrow. Finally, there are always questions about China’s
official data, that are also used in this dissertation. Basically, data collected at the
local levels (usually exaggerated) tend to have more deficiencies than those
collected at the central level. It is not surprising that the sum of local data for one
indicator would be much higher than the total value from the central government.
The data used in this dissertation are originally from China’s Bureau of Statistics
and thus are generally reliable. In addition, from the perspective of practicality,
these are the most accurate data that are available so far, and are used by most
scholars.

Also, facing the difficulties mentioned above, this dissertation aims to fill
several research gaps and contribute to the literature of geographical concentration
of industries in China. Because manufacturing activities are the main driving
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forces of development in China, they are also the focus in this study. In the current
literature of measuring geographical concentration of manufacturing industries in
China, either traditional indices or spatial autocorrelation measures are used, while
this dissertation will empirically test the effectiveness of a group of combination
indices that incorporate both dimensions of concentration. Furthermore, the spatial
patterns of production clusters for specific manufacturing sectors at the national
level have not been examined using local spatial statistics, another gap in research
that will be filled by this dissertation.

As for identifying the determinants of agglomeration in China, it should be
noted that state activities deserve as much, if not more, consideration as other
factors, such as agglomeration economies, natural endowments, and market
conditions. It is expected that state capital in China is actually an important factor
in agglomeration. If state capital induces protectionism, for example, that may lead
to relative spatial concentrations at the county scale that would not otherwise occur.
With respect to state subsidy, if it is now targeted toward innovation it may be
contributing significantly to knowledge spillovers that are especially beneficial to
other producers in a spatial concentration. This part of the dissertation is related to
the papers by He, Wei, and Xie (2008), Lu and Tao (2009), Lu (2010) and Fu and
Hong (2011), but has important differences. First, those papers generally examined
agglomeration effects for classes of industries/firms based on ownership
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characteristics, while this dissertation considers state capital (a type of SOE
measure) as a location factor in spatial concentration. Second, this dissertation also
evaluates state subsidy as a location factor. Third, the research reported in this
study uses a shapefile database that allows explicitly spatial modeling. In doing so,
this dissertation may push the study of industry concentration in China a step
further. Finally, two particular techniques—geographically weighted regression
and quantile regression—will be used to address the problem of non-stationarity
that is common in global regression models like OLS and the spatial error model.
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CHAPTER III
DATA SOURCES AND METHODOLOGY

3.1 Data Sources
This dissertation focuses on the People’s Republic of China (PRC).
Administratively, it contains 31 provincial level regions and is further divided
into 2873 counties (as of 2000 - Taiwan, Hong Kong, and Macau are excluded
from this study). The primary dataset used comes from the annual survey of
manufacturing enterprises with at least 500 thousand RMB in sales in 2004
(China National Bureau of Statistics 2005a). The county-level dataset contains
disaggregated industry employment data at both 2-digit (16 industries) and
4-digit levels. This study will focus on the 2-digit manufacturing industries.
Missing data can become a major problem if 4-digit industry data are used at
the county level. In any case, a focus of this study is the exploration of the
effectiveness of selected global combination indices and selected local
statistics, so the choice of industry classification is not an important issue. For
identifying determinants of industry agglomeration, this dataset includes a rich
variety of variables including employment and output by sectors, wages, export
and foreign investment, ownership, and subsidies. Small businesses are not
included in the annual industrial survey, but the dataset should be enough to
cover the main body of economies of counties in China, which satisfies the

42

need of this study. Data from China annual energy statistics are also used as
measures of natural advantage (China National Bureau of Statistics 2005b). In
addition, a geo-referenced county-level shapefile dataset was acquired from the
Harvard Geospatial Library (2008), which allows the use of different spatial
models.

3.2 Global Measures of Agglomeration of Manufacturing Industries
The first part of the analysis is a comparison of traditional geographical
concentration measures: the Herfindahl index and the Gini coefficient, and
measures of spatial autocorrelation: Moran’s I and the Getis-Ord Index. The
indices may show a general pattern of spatial concentration, but significant
variations in results/interpretation. Those indices are compared to two
combination indices, following Arbia (2001), that integrate aspatial and spatial
information. The combination indices are:
CI (1) = i( 0.5,1) (G ) • i( 0,∞ ) ( I ) • i( 0,∞ ) (GO )

(1)

CI ( 2 ) = G α I β GO λ

(2)

Where G is the Gini coefficient, I is Moran’s I, and GO is the Getis-Ord
index (see the appendix for specifications). If the value of each specific index
in Equation (1) is within the intervals, the value of i will be one, indicating
what can be called “absolute agglomeration”, otherwise the value of i is zero.
Equation (2) is an exponential weighting of the three indices that can provide
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more detailed information on the degree of geographical concentration and is a
continuous scale measurement. One major merit of this continuous
measurement is that it is more suitable as a dependent variable when modeling
the sources or effects of industry agglomeration, an important area of research
in economic geography. This combination index, as with most other global
indices, is especially useful as a relative measure that can be used in
inter-industry comparisons of geographical concentration.

3.3 Local Measures of Agglomeration of Manufacturing Industries
Both FLQs and local Moran’s I statistics are used examine the spatial
patterns and identify production clusters for the four selected industries
described above. The location quotient has been one of the most widely used
local statistics to measure the geographical concentration of economic
activities because its standard form makes it easy to calculate and easy to
compare across spatial units (Holmes 2005; Carroll, Reid, and Smith 2008;
Fernhaber, Gilbert, and McDougall 2008).

The location quotient has been criticized for its inability to take spatial
dependence into account, while in the real world economic activities usually go
beyond often arbitrarily defined spatial units and spill over into their neighbors.
Two techniques have been provided to solve this problem. Using traditional
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location quotients, LISA statistics can serve as a spatial smoothing method,
generating new values for each location that are derived from own location
quotients and those of neighbors. Such results are often mapped in categories,
with those areas whose location quotients are high and whose neighbors also
have high location quotients usually identified as production clusters; de
Dominicis, Arbia, and de Groot (2007) have employed this method and
identified clear production clusters for selected industries in Italy. Recently,
from another perspective, Cromley and Hanink (forthcoming) have developed
a focal location quotient (FLQ) to incorporate neighboring effects into
conventional LQ method.The conventional location quotient is calculated as:
LQi = (ei /Ei) / (e/E)

(3)

with ei and e represent employment in the industry of interest at location i and
the total employment of the same industry for the whole study area,
respectively. Accordingly, Ei is the total employment of all industries at
location i and E is its counterpart for the whole study area. FLQ takes the form:
FLQi = (Σjwijej /ΣjwijEj) / (e/E)

(4)

with ej, e, Ej, E have the same relative meaning as in the traditional location
quotient and wij is the spatial weight determined from the specified form of
spatial dependence. Therefore, FLQ can be seen as the ratio of relative
specialization of the industry of interest at the regional level, larger than the
individual spatial units because of the use of spatial weights, to its relative
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specialization at the national level.

There are several spatial weights matrices described in the literature for
representing particular spatial structures (Getis and Aldstadt 2004; Mitchell
2005). In this study, first-order contiguity is used as the spatial structure in
calculating both the local Moran statistic for conventional location quotients
(de Dominicis et al., 2007) and for calculating FLQ. Both the local Moran
statistic and FLQ can be subjected to significance testing, but they are used
here simply as descriptive statistics that are useful in mapping and, therefore,
visualization of geographical concentrations.

Four of the 16 2-digit manufacturing industries—textiles, machinery, food
manufacturing, and electronics and telecommunication—were chosen as the
cases for examining local spatial patterns of industry agglomeration. The
selected industries have distinctive characteristics. Textile production, as a
traditional labor intensive industry in China, has the most workers among all
2-digit industries (about 6.3 million in 2007). Because China has the world’s
largest population and hence the largest labor force, it is important to study the
location of its textile industry in detail. Machinery manufacturing is a
traditional, capital intensive, heavy industry that in the past had policy priority
and was allocated by the central government to places with political concerns,
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often disregarding conventional economic factors. With the process of
economic liberalization, the location pattern of this industry should be given
special attention. Electronics and telecommunications production is regarded as
a promising high-tech industry and is emphasized by both central and local
governments in economic development policies. The performance of high-tech
industries is important to national competitiveness and the electronic and
telecommunications industry is now the second largest industry in terms of
employment. China’s electronics and telecommunications industry has been
found to be the most concentrated industry in China (Lu and Tao, 2009), but
the industry is marked more by dispersion in other countries (Bertinelli and
Decrop 2005; Alecke et al., 2006). Finally, China has the largest population in
the world, but has limited agricultural land. Therefore, the locational pattern of
its food manufacturing industry is also interesting. This industry might be
closely related to agriculture production for cost saving concerns. Anselin et al.
(1997) suggest that there should be different patterns of industry agglomeration
for different industries because each industry has certain unique preferences for
industrial location. This dissertation assumes that different types of industries
may have different spatial patterns of clusters, but most of them should be
geographically concentrated in coastal areas, where most of the population and
economic activities are located.
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3.4 Global Analysis of Determinants of Manufacturing Agglomeration
The basic global model used to explore the determinants of manufacturing
agglomeration is the spatial error model SEM proposd by Anselin (2003). It is used
because initial tests using OLS indicated significant spatial autocorrelation in the
errors, an unsurprising condition given the county-based cross-section used in the
analysis. In addition, SEM models decrease missing variable effects in regression
models if those effects are spatially variable (Cohen and Coughlin 2008).
The particular model used in the county-scale analysis for global analysis is:
LQ = α + β1IP + β2EP + β 3SP + β 4P + β 5D + β 6W + β 7EX + β 8FC + β 9CP +
β10SC+β11SS+λWµ+ε

(5)

where LQ is a vector of location quotients, IP is a vector of intermediate purchases,
EP is a vector of the population with a college education, SP is a vector of the
number of scientific and technical workers, P is a vector of population, D is a
vector of the Herfindahl

index of economic sectors, W is a vector of total wages,

EX is a vector of export sales, FC is a vector of foreign capital, CP is a vector of
provincial-level coal production, SC is a vector of state capital, and SS is a vector
of state subsidy. The intercept is α. β1 – β11 are vectors of the respective estimated
parameters. λ is a parameter that accounts for autocorrelation in errors, µ, over
spatial structure W, and ε is a vector of random errors, i.i.d.

Spatial structure is

defined as binary queen’s case connectivities among the county units of

48

observation.
The location quotient of employment is the measure of agglomeration, or
geographical concentration, of manufacturing in the basic model (Nakamura and
Paul 2009). As measured for the year 2000, the spatial distribution of county
location quotients for all manufacturing in China is shown in Figure 3. The map of
that distribution shows a manufacturing corridor along the coast, from Liaoning
Peninsula in the north to Guangdong Province in the south. There are also a few
smaller clusters in central China, and northeast and northwest China. The specific
sectors selected for analysis are textiles, machinery, and electronics and
telecommunications; each has a different spatial distribution across the country as
will be shown in the next chapter.
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Empirical analysis of agglomeration uses a variety of explanatory variables
(Puga 2010), but most can be categorized as either measures of localization
economies that arise due to the spatial concentration of producers or urbanization
economies that arise because of a concentration of people (Rosenthal and Strange
2001, 2003;

Melo, Graham, and Nolan 2009) . The first three explanatory

variables represent localization, or Marshall, factors of agglomeration (Henderson
2003; Audretsch, Falck, and Heblich 2007; Ellison, Glaeser, and Kerr 2010).
Intermediate purchases (IP) measures input-output relationships, and both the
Figure 3. LQ for Aggregated Manufacturing in China

college educated population (EP) and the number of scientific and poytechnical
workers (SP) are measures of the potential for knowledge spillovers (Audretsch
and Feldman 1996).

The next two variables, population (P) and the Herfindahl

index (D), represent urbanization economies and measure a place-size effect and
diversity effect, respectively (Glaeser, Kallal, Scheinkman, and Shleifer 1992).
Place size has been found to have significant externality effects in China by
Hanink, Cromley, and Ebenstein (2011), and by Fu and Hong (2011), who also
found that industrial diversity has significant externality effects in this country.

He, Wei, and Xie (2008) have argued non-externality factors are more
important in China’s spatial concentration of manufacturing.
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Patterns of demand,

for example, can play an important role in the spatial pattern of production. Total
wages (W) is used in the model to measure local domestic demand, and export
sales (EX) measure the effect of international demand. Producers with significant
export sales are more likely to be found in coastal regions of China, but those
locations are also where the greatest levels of domestic demand are found (Fujita,
Mori, Henderson, and Kanemoto 2004). Foreign capital (FC) is also attracted to
coastal regions, and can account for the concentration of manufacturing there, as
well (He, Wei, and Pan 2007; He, Wei, and Xie 2008). Provincial level of coal
production is a rough measure of natural resource endowment, a factor that can
also contribute to the spatial concentration of manufacturing. Finally, the
covariates of particular interest in this dissertation, state capital (SC) and state
subsidy (SS) represent non-market, government-controlled, factors that may
contribute to the spatial concentration of industry. To account for neighboring
effects, that usually occur when a finer geographical scale is used, models with
regional variables will be applied and compared with models with only county
variables. Regional variables are the values of county variables plus the average
values of neighboring counties. Regional variables are calculated for the variables
intermediate inputs, population with college degrees, scientific and polytechnic
workers, and population.

Data used in the analysis are drawn from China’s industrial survey (China
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National Bureau of Statistics 2005a). Coal production data are from China’s annual
energy statistics (China National Bureau of Statistics 2005b). The data are for 2003,
except for population which is for 2000 and taken from the census of that year, and
state subsidy is for 2002. The data were joined to a shapefile acquired from the
Harvard Geospatial Library (2008). Summary statistics for the variables used in the
basic model are presented in Table 2.

3.5 Local Analysis of Determinants of Manufacturing Agglomeration
A critical assumption of global regression analysis is that the relationships between
dependent and independent variables are always identical. However, in reality, this
assumption of stationary relationships usually does not hold. In other words, one
variable may be important in certain locations but its impact may be trivial
somewhere else. Two types of non-stationary relationships will be addressed in this
dissertation by two different techniques. The quantile regression (QR) will be used
to account for different relationships across the conditional distribution of the
dependent variable; while the geographically weighted regression (GWR) will be
employed to examine different relationships across the geographical locations. In
addition, these models could also help testing the robustness of the global models.

Quantile regression is an alternative to OLS, proposed by Koenker and Bassett
(1978) and Rogers (1993), in order to solve the problem that the relationships
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among variables may be different across the conditional distribution of dependent
variables. QR has several theoretical benefits, compared with traditional OLS or

Table 2. Summary Statistics for Global Analysis Variables

Variables

Observations

Mean

Location Quotient

2873

90.1

99.3

None

Intermediate Purchase

2873

29.0

89.4

Billion Yuan

Population with College Degrees and Above

2873

253.8

995.7

individuals

Scientific and Technical Workers

2873

51.6

220.5

individuals

Population

2873

41.0

32.0

Thousand

Diversification Index

2873

7.1

2.8

Not applicable

Total Wages

2873

1.4

4.8

Billion Yuan

Total Export Sales

2873

7.0

42.0

Billion Yuan

Total Foreign Capital

2873

1.5

11.7

Billion Yuan

Total State capital

2873

2.4

8.5

Billion Yuan

Total Subsidies

2873

86.9

294.1

Million Yuan
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Std

Unit

Coal Production within Province

2873

36.3

41.6

Ten Thousand Tons

other regression models centered on the conditional mean. One is that the effects of
covariates over the full conditional distribution can be investigated by modeling
the full range of values of q. Also because QR minimizes the sum of absolute
deviations, and not deviations squared as in OLS, it is resistant to outliers that is
one of the major problems in OLS. Unlike OLS, QR estimation is robust to an
asymmetrical dependent variable, such as location quotients which tend to be
negatively skewed. Finally, because quantile regression solutions are found by
linear programming, there are no restrictive assumptions with respect to residual
homoscedasticity and residual independence as in OLS models, including the
presumed absence of their spatial pattern in efficient solutions. So far, QR
applications in economic geography are not very common. Some examples include
Brauninger and Niebuhr (2005), who applied this method exploring regional
growth and convergence in EU. In addition Fritsch and Slavtchev (2010) use QR to
examine the relationship between regional specialization and innovation activities
in Germany. In the context of China, Liu et al. (2010) study the R&D spillover
effects for various metropolitan areas based on this technique.

As for parameter estimation, QR minimizes the sum of absolute error values
rather than the sum of squared errors. More importantly, the coefficients can be
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estimated for a particular point q in the distribution of the dependent variable:
Q y  α

β, x



β, x

(6)

The qth quantile QR estimator is calculated by:

Qβ   ∑
:   qy  x β 




∑
: 





1  qy  x β 

(7)

And different choices of q will estimate different values of β. The optimazation
uses linear programming and in this study is conducted by STATA 10. A more
detailed theoretical explanation of QR will be presented in the appendix of this
dissertation.

The second local regression model used in this dissertation is the GWR.
Fotheringham (1997) identifies the trends in quantitative study in geography, in
which local variations, instead of global regularities, are given more attention. He
claims that it is usually not the case that the results acquired from a whole dataset
apply equally to all parts of the study area, and any spatially non-stationary
relationship cannot be modeled well by a single parameter estimate. The GWR
model is proposed by Brunsdon et al. (1996) and Fotheringham (1998) to handle
problems of spatial non-stationarity. Applications of GWR in quantitative studies
in geography are numerous, and examples can be found in Brunsdon et al. (1998,
1999a, 1999b), Leung et al. (2000a, 2000b), Paez et al. (2002a, 2002b) Mei et al.
(2004), Griffith (2008), and Hanink et al. (2010).
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Theoretically, the GWR takes the form:
y  a"

∑# a# x#

ε

(8)

where i represents the location and k the individual variables. A modified
weighted least-squares approach is used in parameter estimation so that the data
are weighted based on their proximity to point i. In this approach, data from
observations closer to i are assigned more weight than those further away.
Accordingly, the GWR estimator for the parameters is:
a%$  x & w x( x & w y

(9)

where wi is an n by n matrix whose off-diagonal elements are zero and the
diagonal elements represent the geographical weighting of each observation data
for point i. The Gaussian function is a popular form for geographical weighting. In
this form, for j from 1 to n:
w)) u, v  expd) ⁄h1

(10)

The GWR estimates are mildly biased because of their assumed response to
locational effects. However, Fotheringham et al. (2002) argue that the mild bias is
offset by reduced standard errors, as long as a sufficient sample size is included.
On the other hand, Wheeler and Teifelsdorf (2005) suggest that the weighted least
square solutions in GWR could cause multicolinearity problems among the
calculated local regression coefficients. This may happen even when the
explanatory variables in the model are not correlated. Therefore, more attention
should be given to hypothesis testing. Griffith (2008) proposes another minor
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problem of GWR, in that spatial autocorrelation may still be a problem even
though spatial variation of estimated parameters is addressed. In addition, Pace and
Le Sage (2004) indicate that the extent of spatial autocorrelation in the errors
usually increases with bandwidth, meaning that the bandwidth should also be
considered carefully. The specific form of GWR used in this study is:

LQ = α(xi,yi) + β1(xi,yi)IP + β2(xi,yi)EP + β 3(xi,yi)SP + β 4(xi,yi)P + β 5(xi,yi)D +
β 6(xi,yi)W + β 7(xi,yi)EX + β 8(xi,yi)FC + β 9(xi,yi)CP + β 10(xi,yi)SC + β 11(xi,yi)SS + ε

(11)

where the variables are as described above, (xi,yi) are the spatial coordinates of the
ith county, and β1(xi,yi) …. β11(xi,yi) are realizations of continuous functions at
the county level. Each parameter value is treated as a continuous surface, with the
spatial variation in the surfaces measured at specified places – the county
observations. The calculation of GWR estimators is done by the software GWR3.

In this dissertation, like SEM, QR and GWR will also be applied to aggregated
manufacturing industry, and to the textiles industry, the machinery industry, and
the electronics and telecommunication industry. Also, neighboring effects will be
accounted for by these local regression models by using regional variables that
include information of neighboring counties. Intermediate purchases, college
educated population, the number of scientific and technical workers, and
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population are the four variables whose neighboring effects will be addressed.
Because of data limitations, the GWR model will be applied to aggregated
manufacturing and textiles industry for the whole of China, while the study area
for the machinery industry and the electronics and telecommunication industry will
be the 11 eastern provinces.
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CHAPTER IV
MEASURING AGGLOMERATION OF CHINA’S
MANUFACTURING INDUSTRIES

4.1 Results of Global Measures –The Effectiveness of Combination Indices
Table 3 summarizes the Herfindahl index, Gini coefficient, Moran’s I, and
Getis-Ord index for 16 2-digit manufacturing industries in China. To compare the
differences of the results arising from different geographical scales, the Herfindahl
index is calculated at the county, prefecture, and province levels. The averages of
the Herfindahl index at the province level, prefecture level, and county level are
0.096, 0.02, and 0.007, respectively. The trend of decrease in the measure of
geographical concentration with decreasing scale of the unit of observation is
consistent with the results of Lu and Tao (2009), who used the Ellison-Glaeser
index, but contradictory to the results of He, Wei, and Pan (2007) using the Gini
coefficient. In Fan and Scott’s work (2003), the average Herfindahl index at the
provincial level was 0.081 in 2000. That value compared to 0.096 in 2004 tends to
confirm the continuously increasing trend of manufacturing agglomeration at the
national level. The average value of the Gini coefficient at the province level is
0.86, suggesting almost all 2-digit industries at the national level are highly
concentrated geographically.
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Table 3. Results of H-index, Gini coefficient, Moran’s I, and Getis-Ord index
H-index

H-index

Industry

H-index

Gini

by county by prefecture by province by county

Moran's I

G-O

index

index

Food and tobacco

0.0016

0.0078

0.065

0.688

0.24

0.03

Textiles

0.0037

0.014

0.096

0.828

0.28

0.1

Wearing apparel, leather, fur, down

0.0092

0.029

0.065

0.915

0.23

0.06

Sawmills and furniture

0.0051

0.014

0.082

0.864

0.264

0.04

Paper and products

0.0082

0.018

0.112

0.825

0.078

0.04

Petroleum processing

0.013

0.022

0.086

0.96

0.182

0.09

Chemicals

0.0019

0.01

0.061

0.732

0.095

0.03

Non-metallic mineral products

0.0021

0.0084

0.058

0.711

0.126

0.03

Metals, smelting, pressing

0.007

0.012

0.051

0.887

0.16

0.04

Metal products

0.0049

0.019

0.11

0.878

0.109

0.05

Machinery

0.0024

0.013

0.068

0.807

0.1

0.04

Transportation equipment

0.0053

0.019

0.054

0.882

0.144

0.04

Electric equipment

0.01

0.024

0.146

0.897

0.094

0.05

Electronic and telecommunication

0.022

0.053

0.214

0.954

0.18

0.07

0.013

0.033

0.133

0.942

0.054

0.05

0.0072

0.031

0.139

0.92

0.104

0.04

Instruments,

meters,

machines
Other manufacturing

and

office

Note: H-index is calculated at county, prefecture, and province levels, while other indices are calculated at the
county level only.

60

Both Moran’s I and the Getis-Ord indices indicate that most of the manufacturing
industries have production clusters that are in proximity to each other, in terms of
spatial autocorrelation. The results of the Herfindahl index and Gini coefficient are
closely related, with a correlation of 0.91. Interestingly, while the Getis-Ord index
has a positive correlation with the Herfindahl index and also with the Gini
coefficients, the correlations between Moran’s I and those two traditional indices
are negative.
To support further comparison of the degree of industry agglomeration across
industries, Table 4 presents the ranks of all indices. Three industries have high
ranks across all four indices: wearing apparel, fur, leather, and down; petroleum
processing; and electronics and telecommunications. Wearing apparel, fur, leather,
and down is a largely labor-intensive, export-oriented light industry that has risen
rapidly since the beginning of the economic transition, driven mainly by private
and foreign-invested enterprises. Because of its footloose nature, production should
tend to form proximate clusters to benefit from agglomeration economies and
markets. The second industry, petroleum processing, is generally located close to
oil production areas. In China, most of this activity is in the northeast and
northwest corner, making this industry a highly geographically concentrated one.
Finally, the electronics and telecommunication industry is typically characterized
as a high-tech industry, although a large part of it belongs to low-value added
export processing activity in China. Still, the requirements of human capital,
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Table 4. Rank of H-index, Gini Coefficient, Moran’s I, and Getis-Ord Index
Industry

Rank(H)

Rank(Gini)

Rank( MI)

Rank(G-O)

Food and tobacco

16

16

3

14

Textiles

12

11

1

1

Wearing apparel, leather, fur, down

5

5

4

4

Sawmills and furniture

10

10

2

8

Paper and products

6

12

15

8

Petroleum processing

2

1

5

2

Chemicals

15

14

13

14

Non-metallic mineral products

14

15

9

14

Metals, smelting, pressing

8

7

7

8

Metal products

11

9

10

5

Machinery

13

13

12

8

Transportation equipment

9

8

8

8

Electric equipment

4

6

14

5

Electronics and telecommunication

1

2

6

3

2

3

16

5

7

4

11

8

Instruments,

meters,

machines
Other manufacturing

and

office
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sophisticated infrastructure, and amenities usually confine its production to areas
within or around a few large cities. On the other hand, three other industries:
chemicals, machinery, and non-metallic mineral products are found to have
consistently low values across each of the global measures. These industries share
some similarities - they are all capital or energy intensive and were top priority
industries in government policy before the economic transition. Each still has a
relatively large share of state ownership.

Table 5 shows the results of the combination indices that synthesize the
traditional geographical concentration indices and spatial autocorrelation measures.
Column one shows how the binary index categorizes the industries into two groups.
The industries with the value of one are those with levels of industry
agglomeration high enough—measured by the Gini coefficient, Moran’s I, and the
Getis-Ord index—to be labeled as absolute agglomeration industries. Three of
those industries: wearing apparel, fur, leather, and down; petroleum processing;
and electronic and telecommunications were identified using the global measures
listed in Table 4. The textile industry is now included in the group based on the
combination calculation because although it is more evenly distributed than the
other three, its level of spatial autocorrelation of employment at the county scale is
very high. The continuous and ranked values of the second combination index are
also listed in Table 5. Not surprisingly, the four absolutely agglomerated industries
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Table 5. Results of the

Combination Indices

Industry

CI(1)

CI(2)

Rank CI(2)

Food and tobacco

0

1.46

14

Textiles

1

1.85

4

Wearing apparel, leather, fur, down

1

1.89

3

Sawmills and furniture

0

1.79

5

Paper and products

0

1.49

12

Petroleum processing

1

1.97

1

Chemicals

0

1.34

16

Non-metallic mineral products

0

1.36

15

Metals, smelting, pressing

0

1.71

6

Metal products

0

1.65

11

Machinery

0

1.49

12

Transportation equipment

0

1.68

8

Electric equipment

0

1.66

10

Electronic and telecommunication

1

1.92

2

Instruments, meters, and office machines

0

1.67

9

Other manufacturing

0

1.69

7

，

Note:
CI (1) = i( 0.5,1) (G ) • i( 0,∞ ) ( I ) • i( 0,∞ ) (GO)

CI ( 2) = G α I β GO λ ;α = 2, β = 0.5, λ = 0.2
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have the highest values, all above 1.8, with the petroleum industry (1.97) at the top.
On the other hand, four industries: chemicals (1.34), non-metallic mineral products
(1.36), food manufacturing (1.46), and machinery (1.49) are those with the lowest
values. The second combination index is only moderately correlated with the
standard measures, with the Pearson correlations ranging from a high of 0.818 with
the locational Gini to a low of 0.498 with Moran’s I.

4.2 Local Measures—LISA vs. FLQ
Figures 4A and Figure 4B show the results of the FLQ and local Moran’s I
statistics, respectively, for the textile industry. The FLQ map indicates that most of
the geographically concentrated production is in central and central-eastern China,
including two coastal provinces: Shandong and Jiangsu, as well as two interior
provinces along the middle and upper Yangtze River, namely Sichuan and Hubei.
In addition, some minor clusters exist in the northeastern and northwestern corners
of the country. Figure 4B shows the local Moran’s I map of conventional location
quotients in the textile industry. Those statistics are mapped in unstandardized
form and can have a very large range given the large number of observations in the
data set (Tiefelsdorf 2002). Figure 4B is similar in pattern to Figure 4A, but the
local Moran statistics indicate a much more tightly clustered textile industry as
compared to the broader cluster patterns resulting from the FLQ statistic.
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Figure 4A: FLQ Map for the Textiles Industry

Figure 4B: Local Moran’s I Map for the Textiles Industry
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The spatial distribution of the machinery industry is strikingly different from
that of textiles, as Figure 5A and Figure 5B indicate. For machinery production,
major clusters are found in the three northeastern provinces and also around the
North China Plain. The northeast of China was the center of production of heavy
machines even before the founding of the People’s Republic in 1949, accounting
for a third of total industrial output before the economic transition (Naughton
2007). Although the economic development of this region has been marginalized
since the transition and today falls far behind the coastal area, machinery and
related heavy industries remain dominant in this area. Figure 5B gives a more
geographically confined result, from which can be recognized production clusters
around three provincial capitals in the northeast. Similar stories can be told for the
North China Plain area, although machinery production is not as important there.
Basically, the geography of this industry is still significantly impacted by policies
followed before the economic transition and the locational pattern still favors the
North. Figure 5B also implies that the clusters of the machinery industry are more
dispersed than the textile industry, reconfirming the result of the global
combination index.

The food manufacturing industry (ranked 14th out of 16 by the global
combination index), seems so dispersed in Figure 6A that the only areas without its
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Figure 5A: FLQ Map for the Machinery Industry

Figure 5B: Local Moran’s I Map for the Machinery Industry
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Figure 6A: FLQ Map for the Food Manufacturing Industry

Figure 6B: Local Moran’s I Map for the Food Manufacturing Industry
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production clusters are in the far sparsely populated Tibetan Plateau in southwest
China, the remaining original forests in northeast China, and the highly urbanized
Beijing-Tianjin, Lower Yangtze, and Pearl Delta areas. The local Moran’s I map,
however, indicates only four major clusters and two minor ones, leaving central
China and the eastern coast relatively empty (Figure 6B). Northeast China and
eastern Inner Mongolia are major grain and meat production areas based on good
soil, favorable climate, and economic policies. On the other hand, northwest China
contains large areas of pasture land and cattle-raising is the main activity
supporting related manufacturing. Yunnan Province in southwestern China is also a
major agriculture province, but more importantly, it is the center of tobacco
production, which is included in food manufacturing in this broad classification. In
addition, two minor clusters can be identified in central China, around the
provinces of Henan and Sichuan, both mainly rural areas.

Finally, Figure 7A and Figure 7B present the spatial patterns of the electronics
and telecommunications industry (the second most agglomerated industry as
measured by the global combination index). Both maps show this industry is the
most geographically clustered of the four considered here. As with the other
industries, the local Moran’s I statistics give a finer-scale cluster map. Three major
clusters are found: around Beijing-Tianjin, the lower Yangtze (Shanghai), and the
Pearl Delta (Guangdong) metropolitan areas, three of the most important core areas
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Figure 7A: FLQ Map for the Electronics and
Telecommunication Industry

Figure 7B: Local Moran’s I Map for the Electronics and
Telecommunication Industry
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in China. Although low-level export processing was a major part of the industry at
the beginning, China has experienced an upgrade of this industry and an
improvement in its technology intensity. Skilled labor, sophisticated infrastructure,
capital endowment, and amenities are among the most important factors that
impact the location of this high-tech industry. Therefore, it is not surprising that its
production centers are in the largest metropolitan areas in the country, making it
one of the most agglomerated industries.
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CHAPTER V
DETERMINANTS OF AGGLOMERATION OF
MANUFACTURING INDUSTRIES

5.1 Results of Global Regression Analysis—Spatial Error Model
The results of the global analysis of determinants of manufacturing agglomeration,
focusing on state activities and based on a spatial error model, are presented in this
section. The basic model is specified in such a way that each of the right-hand-side
variables is expected to co-vary positively with the dependent variable, LQ. In
general, that positive covariance is the result for the basic model applied to
aggregate manufacturing, but there are some negative estimates (Table 6A). Two of
those estimates, for the diversity and the coal production variables, are not
significantly different than zero. Three of the estimates, however, are significant
(α<.05); those for scientific and technical workers, population, and total foreign
capital. The remaining parameters are each positive and significant, including
those for total state capital and for total subsidies.

Despite the number of

variables in the model, its multicollinearity condition number of 8.92 is quite low.
Given that number and the significant spatial error parameter, there is high
confidence in the efficiency of the model’s parameter estimates.
The county units of observation, of course, are arbitrary to a degree in that
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Table 6A. Estimated Parameters and Statistics of the Basic Aggregate Manufacturing Location
Quotient Model
Coefficient

Standard Error

alpha

Intercept

111.64

6.58

0.000

Intermediate Purchase

0.111

0.031

0.000

Population with College Degrees and Above

0.008

0.002

0.000

Scientific and Technical Workers

-0.034

0.010

0.000

Population

-0.253

0.044

0.000

Diversification Index

-0.239

0.440

0.586

Total Wages

0.859

0.281

0.002

Total Export Sales

0.144

0.044

0.001

Total Foreign Capital

-0.857

0.150

0.000

Total State capital

1.457

0.151

0.000

Total Subsidies

0.020

0.005

0.010

Coal Production within Province

-0.067

0.079

0.396

Spatial Error, λ

0.813

0.012

0.000

Akaike Information Criterion

31768.9
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they are not fully relevant to the model’s agglomeration variables due to possible
spatial interaction. Rosenthal and Strange (2003), Viladecans-Marsal (2004), and
Hanink (2006), for example, found neighbor effects in their studies of
agglomeration. Given the potential for neighbor effects, the basic model was
extended to incorporate regional values for the agglomeration variables measuring
intermediate purchases, college educated population, the number of scientific and
technical workers, and population. The only negative and significant parameters in
the version of the model with the regional variables are those for regional
population and total foreign capital (Table 6B).

Sign and significance changes do

not occur in the agglomeration parameters when the regional and basic model
versions are compared, but the extents of impact show some difference. As in the
basic model, parameters for total wages, total export sales, total state capital, and
total state subsidy have positive and significant parameters, and provincial coal
production remains unimportant. Multicollinearity remains low in the regional
version, with a multicollinearity coefficient of 8.77, and the spatial error parameter
is positive and significant.

The estimated parameters for scientific and technical workers, export sales,
and state subsidies are negative and significant when the basic model is applied to
the textiles manufacturing (Table 7A). The estimated parameter for the
diversification index is negative and relatively significant, as well.
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Table 6B. Estimated Parameters and Statistics of the Aggregate Manufacturing Location Quotient
Model with Regional Agglomeration Variables
Coefficient

Standard Error

alpha

Intercept

115.87

6.91

0.000

Regional Intermediate Purchase

0.039

0.016

0.013

Regional Population with College Degrees and Above

0.007

0.002

0.001

Regional Scientific and Technical Workers

-0.023

0.01

0.022

Regional Population

-0.151

0.035

0.000

Diversification Index

-0.397

0.442

0.368

Total Wages

0.898

0.281

0.001

Total Export Sales

0.212

0.039

0.000

Total Foreign Capital

-0.687

0.134

0.000

Total State capital

1.578

0.146

0.000

Total Subsidies

0.023

0.004

0.000

Coal Production within Province

-0.07

0.004

0.376

Spatial Error, λ

0.762

0.014

0.000

Akaike Information Criterion

31890.9
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State capital, the remaining agglomeration variables, the demand variables, and
foreign capital have parameter estimates that are positive and significant. As with
aggregate manufacturing, there are some changes in the estimated parameters when
the regional agglomeration variables are used in the model (Table 7B). The most
important change with respect to the focus of this paper is in the estimated
parameter for state subsidy, which is positive and significant in the regional model.
Intermediate purchases, population, wages, export sales, foreign capital, and again
state capital also have positive and significant estimates. Multicollinearity remains
low in both versions of the model applied to textile production. The basic model’s
multicollinearity condition number is 8.61, and the regional model’s is 9.67. As in
the case of the application to aggregate manufacturing, both versions of the textile
model yield positive and significant spatial error parameter estimates.

The poorest fit of the basic and regional versions of the model occurs in
its application to machinery manufacturing. While there are no negative and
significant parameter estimates in either version for the machinery sector, only
those for population and diversification are positive and significant in the basic
model, while those for intermediate purchases and population with college
degrees are positive and relatively significant (Table 8A). The estimated
parameters for state capital and state subsidy are positive, but their standard
errors are large enough to render them insignificantly different than zero.
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Table 7A. Estimated Parameters and Statistics of the Basic Textile Manufacturing Location Quotient
Model
Coefficient

Standard Error

alpha

Intercept

15.251

6.39

0.017

Intermediate Purchase

0.028

0.0005

0.000

Population with College Degrees and Above

0.128

0.003

0.001

Scientific and Technical Workers

-0.079

0.018

0.000

Population

0.529

0.070

0.000

Diversification Index

-1.267

0.736

0.085

Total Wages

3.067

0.432

0.000

Total Export Sales

-0.008

0.001

0.001

Total Foreign Capital

0.019

0.003

0.000

Total State capital

0.122

0.004

0.000

Total Subsidies

-0.393

0.111

0.000

Coal Production within Province

0.087

0.063

0.167

Spatial Error, λ

0.347

0.024

0.000

Akaike Information Criterion

31768.9
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Table 7B. Estimated Parameters and Statistics of the Textile Manufacturing Location Quotient
Model with Regional Agglomeration Variables
Coefficient

Standard Error

alpha

Intercept

20.31

11.33

0.073

Regional Intermediate Purchase

0.004

0.0002

0.000

Regional Population with College Degrees and Above

0.009

0.005

0.052

Regional Scientific and Technical Workers

-0.073

0.02

0.000

Regional Population

0.513

0.066

0.000

Diversification Index

-1.903

0.948

0.045

Total Wages

3.622

0.559

0.000

Total Export Sales

0.035

0.001

0.000

Total Foreign Capital

0.027

0.005

0.000

Total State capital

0.139

0.006

0.000

Total Subsidies

1.504

0.131

0.000

Coal Production within Province

0.166

0.086

0.055

Spatial Error, λ

0.327

0.024

0.000

Akaike Information Criterion

36245.9
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Table 8A. Estimated Parameters and Statistics of the Basic Machinery Manufacturing Location
Quotient Model
Coefficient

Standard Error

alpha

106.187

16.11

0.000

Intermediate Purchase

0.002

0.001

0.057

Population with College Degrees and Above

0.018

0.010

0.071

Scientific and Technical Workers

-0.065

0.047

0.163

Population

0.761

0.181

0.000

Diversification Index

10.632

1.910

0.000

Total Wages

1.585

1.220

0.194

Total Export Sales

0.0003

0.003

0.921

Total Foreign Capital

-0.010

0.006

0.111

Total State capital

0.001

0.005

0.787

Total Subsidies

0.144

0.194

0.457

Coal Production within Province

0.163

0.152

0.282

Spatial Error, λ

0.270

0.026

0.000

Intercept

Akaike Information Criterion

40070.8
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Table 8B. Estimated Parameters and Statistics of the Machinery Manufacturing Location Quotient
Model with Regional Agglomeration Variables
Coefficient

Standard Error

alpha

Intercept

54.677

17.212

0.001

Regional Intermediate Purchase

0.003

0.0007

0.000

Regional Population with College Degrees and Above

0.021

0.009

0.021

Regional Scientific and Technical Workers

-0.043

0.039

0.277

Regional Population

0.986

0.131

0.000

Diversification Index

8.632

1.896

0.000

Total Wages

0.599

1.211

0.621

Total Export Sales

-0.0007

0.003

0.846

Total Foreign Capital

-0.128

0.006

0.046

Total State capital

-0.003

0.005

0.464

Total Subsidies

0.071

0.137

0.703

Coal Production within Province

0.282

0.186

0.128

Spatial Error, λ

0.261

0.026

0.000

Akaike Information Criterion

40106.9
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The impact of state capital and state subsidy remains insignificant when
regional variables are applied (Table 8B). However, regional intermediate input,
population with college degrees and diversification are positive and significant.
This suggests agglomeration factors work at a larger geographical scale for the
machinery industry. In addition, foreign capital is negative and significant,
indicating this industry is not a major target of foreign investment. As in the
earlier applications, both the basic and regional models have positive and
significant spatial error parameters and low multicollinearity condition
numbers.

Both versions of the model have low levels of multicollinearity and positive
spatial

error

parameters

in

the

applications

to

the

electronics

and

telecommunications sector, as well. Parameter estimates for state capital and for
state subsidy are positive and significant in both the basic and regional versions of
the model in this application (Tables 9A and 9B). Parameter estimates are also
positive and significant for intermediate purchases, diversification, and export sales
in the basic model and for regional population with college education,
diversification, and export sales in the regional model. The parameter estimate for
foreign capital is negative and significant in the basic model, but negative and
insignificant in the regional model, while the reverse occurs for provincial coal
production.
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Table 9A. Estimated Parameters and Statistics of the Basic Electronics and Telecommunications
Manufacturing Location Quotient Model
Coefficient

Standard Error

alpha

Intercept

6.149

2.777

0.026

Intermediate Purchase

0.0005

0.00007

0.000

Population with College Degrees and Above

0.102

0.339

0.762

Scientific and Technical Workers

-0.065

0.047

0.163

Population

-0.101

0.030

0.000

Diversification Index

1.606

0.329

0.000

Total Wages

-0.321

0.212

0.129

Total Export Sales

0.0002

0.00008

0.020

Total Foreign Capital

-0.0005

0.0002

0.025

Total State capital

0.019

0.001

0.000

Total Subsidies

0.088

0.021

0.000

Coal Production within Province

-0.080

0.023

0.282

Spatial Error, λ

0.174

0.027

0.000

Akaike Information Criterion

30104.8
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Table 9B. Estimated Parameters and Statistics of the Electronics and Telecommunications
Manufacturing Location Quotient Model with Regional Agglomeration Variables
Coefficient

Standard Error

alpha

3.739

2.951

0.205

0.00008

0.00003

0.017

Regional Population with College Degrees and Above

0.006

0.001

0.000

Regional Scientific and Technical Workers

-0.012

0.006

0.017

Regional Population

-0.02

0.022

0.361

Diversification Index

1.516

0.328

0.000

Total Wages

-0.242

0.212

0.258

Total Export Sales

0.0007

0.00004

0.000

-0.00005

0.0002

0.810

Total State capital

0.024

0.001

0.000

Total Subsidies

0.088

0.021

0.000

Coal Production within Province

-0.078

0.023

0.001

Spatial Error, λ

0.161

0.027

0.000

Intercept

Regional Intermediate Purchase

Total Foreign Capital

Akaike Information Criterion

30177.9
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In general, the empirical applications of the model in both basic and regional
versions indicate that state capital and state subsidy co-vary positively with the
aggregate manufacturing and individual sectoral location quotients. That
covariance, however, could be a tautology in that state activity is often associated
with employment inefficiency, as described above. That could result in inflated
location quotients where state capital and subsidies are at higher levels, yielding a
type of biased parameter estimate for each of those variables. The robustness of the
findings for the state capital and state subsidy variables was examined by
re-application of the models to the individual sectors using location quotients
based on output rather than on employment. The estimated parameters for both
variables remained fairly consistent regardless of location quotient measure. In the
regional models, for example, the estimated parameter for state capital is positive
and significant for all three sectors (Table 10). In the employment-based location
quotient regional models, those parameters were also positive for all three sectors,
although insignificant for the machinery sector. The parameter for state subsidy in
the output-based location quotient regional models varies from negative but
insignificant in the case of textile production, positive and significant for
machinery, to positive but not significant for electronics and telecommunications.
In the employment-based location quotient regional models, those parameters were
positive and significant for all sectors.
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Table 10. Selected Estimated Parameters and Statistics of the Sectoral Output Location Quotient
Models
Coefficient

Standard Error

alpha

0.085

0.008

0.000

-0.157

0.192

0.414

Total State capital

0.028

0.002

0.000

Total Subsidies

0.305

0.106

0.003

Total State capital

0.023

0.0008

0.000

Total Subsidies

0.028

0.018

0.113

Textiles

Total State capital
Total Subsidies

Machinery

Electronics and Telecommunications
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5.2 Results of Non-Stationary Regression Analysis—QR
Like the SEM models, the QR model is also specified in such a way that each of
the right-hand-side variables is expected to co-vary positively with the dependent
variable, LQ. Regional agglomeration variables are used in these models, in order
to account for neighboring effects. Table 11 shows the results of the QR model for
aggregated manufacturing industry at the 10th, 25th, 50th, 75th, and 90th quantiles.
The signs of the estimates in the QR model are generally consistent with the SEM
model across the quantiles, but some particular trends can also be observed. For
measures of agglomeration economies, intermediate input purchases and
population with college degrees are consistently positive and significant across the
quantiles. It is also noted that the extent of impact of population with college
degrees is increasingly high when q is above 0.5 (Figure 8). This perhaps implies
that human capital makes a stronger contribution to the geographical concentration
of manufacturing activities at locations on the upper section of the conditional
distribution of the manufacturing location quotient. In other words, there exists
increasing returns of the degrees of manufacturing concentration on human capital.
Therefore, it may also cause a spatially uneven distribution of manufacturing
activities, or regional inequality. Similar to the results of the SEM model, the
variable estimates for scientific and polytechnic workers as well as population are
also negative and significant, showing complex mechanisms for knowledge
spillover and population size effect across the country. The effect of urbanization
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Table 11. The Results of QR Model for Aggregated Manufacturing Industry at 10 , 25 , 50 , 75 ,
th

and 90 Percentiles
10

th

25

th

50

th

75

th

90

th

percentile

percentile

percentile

percentile

percentile

estimates

estimates

estimates

estimates

estimates

-0.562

5.496

23.377

86.128

164.450

(1.357)

(1.644)

(2.587)

(5.978)

(13.933)

0.078

0.102

0.113

0.198

0.176

(0.006)

(0.007)

(0.011)

(0.020)

(0.036)

0.007

0.002

0.009

0.023

0.043

college degrees and above

(0.001)

(0.001)

(0.001)

(0.003)

(0.006)

Regional

-0.032

-0.012

-0.021

-0.048

-0.078

(0.003)

(0.004)

(0.006)

(0.011)

(0.022)

-0.022

-0.085

-0.186

-0.424

-0.623

(0.010)

(0.012)

(0.020)

(0.050)

(0.131)

1.715

2.441

2.759

0.732

-0.947

(0.126)

(0.165)

(0.297)

(0.773)

(1.946)

-0.007

11.235

19.701

22.343

25.087

(0.030)

(0.202)

(0.212)

(0.384)

(0.564)

0.422

0.027

0.307

0.975

1.119

(0.007)

(0.023)

(0.027)

(0.046)

(0.064)

-1.243

-0.829

-2.929

-3.219

-3.622

(0.024)

(0.079)

(0.096)

(0.178)

(0.327)

1.748

1.514

2.267

3.901

5.293

(0.071)

(0.083)

(0.112)

(0.200)

(0.365)

0.042

0.041

0.033

0.031

0.069

(0.002)

(0.002)

(0.003)

(0.006)

(0.012)

0.012

0.010

0.036

-0.007

-0.081

(0.008)

(0.011)

(0.019)

(0.042)

(0.087)

Intercept

Regional intermediate input

Regional

population

scientific

technical workers

Regional population

Diversification index

Total wages

Total export sales

Total foreign capital

Total state capital

Total subsidies

Coal production

with

and

Standard errors are in parenthesis
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Figure 8. QR Estimates of Population with College Degrees
for Aggregated Manufacturing Industry

diseconomies also increases across the conditional quantiles, perhaps a result of the
competition between manufacturing and agriculture for employment, given that
China is still a country in the middle of industrialization with large numbers of
farmers. The impact of industrial diversification is mixed. The positive and
significant estimates at lower quantiles suggest that a diverse industrial structure
contributes to local concentration of manufacturing activities at locations on the
lower section of the conditional distribution of the location quotient. However, this
positive impact disappears when q goes above 0.5. It appears that for counties in
the upper tail of the conditional distribution, specialization is more important than
diversification. Beyond agglomeration economies factors, the estimate for total
wages is consistently positive and significant except at the 10th quantile level. The
estimate for export sales is positive and significant, while the impact of foreign
89

capital is negative, as the SEM model indicates. Variables of special interests in
this study—state capital and state subsidy—both have positive and significant
estimates across the quantiles, the same as the SEM model. There is an obvious
trend of increasing influence for state capital across the conditional quantiles.
However, the estimates for state subsidies are consistently around 0.4 (Figure 9A
and 9B).

There is also general consistency between the global SEM model and the QR
model (Table 12) when applied to the textiles industry, with minor differences. In
the QR model, the estimates for intermediate input purchases and population size
effect are consistently positive and significant and that for the scientific and
polytechnic workers is significantly negative, as in the case of the SEM model. The
differences between the two models occur in population with college degrees and
industrial diversification. The former is not significant at most quantiles in the QR
model, while the latter is only significantly negative at the very upper tail (around
90th). The result for the diversification index coincides with many results
previously found in the reference literature and indicates that the textile industry as
a traditional, labor intensive sector demands a highly specialized economic
environment. One can witness this phenomenon in many typical “textile towns”
across eastern China. Other estimates across the quantiles for total wages, export
sales, as well as foreign capital are all positive and significant, except that the
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Figure 9A. QR Estimates of the State Capital Parameter for
Aggregated Manufacturing Industry

Figure 9B. QR Estimates of the State Subsidy Parameter
for Aggregated Manufacturing Industry
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Table 12. The Results of the QR Model for the Textiles Industry at 10 , 25 , 50 , 75 , and 90

th

Percentiles
10

Intercept

Regional intermediate input

Regional

population

with

college degrees and above
Regional

scientific

technical workers

Regional population

Diversification index

Total wages

Total export sales

Total foreign capital

Total state capital

Total subsidies

Coal production

th

25

th

50

th

75

th

90

th

percentile

percentile

percentile

percentile

percentile

estimates

estimates

estimates

estimates

estimates

-1.747

-2.845

0.667

29.503

82.689

(2.179)

(3.334)

(7.068)

(14.136)

(21.473)

0.0004

0.001

0.004

0.014

0.023

(0.00003)

(0.000)

(0.000)

(0.000)

(0.000)

-0.0002

0.001

-0.00001

0.001

0.004

(0.0005)

(0.001)

(0.002)

(0.004)

(0.006)

-0.002

-0.011

-0.029

-0.042

-0.050

(0.002)

(0.004)

(0.009)

(0.019)

(0.025)

0.058

0.124

0.219

0.261

0.344

(0.013)

(0.022)

(0.046)

(0.093)

(0.145)

-0.065

0.099

0.034

-0.610

-3.712

(0.210)

(0.317)

(0.661)

(1.318)

(1.844)

-0.016

1.023

3.284

2.855

2.354

(0.060)

(0.085)

(0.298)

(0.487)

(0.426)

0.033

0.033

0.038

0.047

0.046

(0.000)

(0.000)

(0.001)

(0.001)

(0.001)

0.013

0.015

0.020

0.013

-0.003

(0.000)

(0.001)

(0.002)

(0.003)

(0.003)

0.045

0.077

0.154

0.159

0.222

(0.001)

(0.002)

(0.003)

(0.006)

(0.007)

0.943

1.600

1.656

0.964

0.844

(0.022)

(0.029)

(0.065)

(0.109)

(0. 160)

0.021

0.030

0.121

0.111

0.088

(0.015)

(0.024)

(0.050)

(0.105)

(0.156)

and

Standard errors are in parenthesis
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estimates for total wages at the 10th quantile and that for foreign capital at the 90th
quantile, indicating that the local concentration of textiles industry are both driven
by local and foreign demand. Like the SEM model, the estimates for state capital
are positive and significant for almost all quantiles. However, the coefficients of
state subsidy also turn positive and significant, contradictory to the SEM model. As
for the extent of impact across the distribution, state capital has a stronger impact
as the quantile increases, while state subsidy works in the opposite way (Figure
10A and 10B). In other words, for the textiles industry, state capital tends to
reinforce spatial concentration at locations on higher quantiles of the conditional
distribution, while state subsidy serves more likely as a breeder because it makes
positive contributions to locations on the lower section of the conditional
distribution of location quotient.

The QR model has the poorest fit when applied to the machinery industry
(Table 13), similar to the SEM model. The only significant estimates in the SEM
models are for population and diversification index—both are positive. As for the
QR model, only occasionally are there certain significant estimates at certain
quantiles for a few variables (population, diversification, total wages), and other
variables are insignificant across the whole distribution. In addition, the estimates
for state capital are positive and significant at the 10th and the 25th quantile, but
insignificant otherwise, and state subsidy is only positive and significant at the 90th
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Figure 10A. QR Estimates of the State Capital
Parameter for the Textiles Industry

Figure 10B. QR Estimates of the State Subsidy
Parameter for the Textiles Industry
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Figure 11A. QR Estimates of the State Capital
Parameter for the Machinery Industry

Figure 11B. QR Estimates of the State Subsidy
Parameter for the Machinery Industry
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Table 13. The Result of the QR Model for the Machinery Industry at 10 , 25 , 50 , 75 , and 90

th

Percentiles
10

Intercept

Regional intermediate input

Regional

population

Regional

scientific

technical workers

Regional population

Diversification index

Total wages

Total export sales

Total foreign capital

Total state capital

Total subsidies

Coal production

25

th

50

th

75

th

90

th

percentile

percentile

percentile

percentile

percentile

estimates

estimates

estimates

estimates

estimates

133.041

215.831

419.713

628.682

873.108

(7.883)

(14.396)

(39.826)

(69.565)

(56.768)

0.0001

-0.0002

-0.001

-0.001

-0.002

(0.000)

(0.000)

(0.001)

(0.002)

(0.001)

-0.002

0.003

0.010

0.014

-0.0004

(0.002)

(0.004)

(0.013)

(0.023)

(0.018)

0.006

-0.010

0.004

0.025

0.047

(0.006)

(0.017)

(0.053)

(0.085)

(0.056)

- 0.123

-0.137

-0.069

0.282

0.119

(0.052)

(0.094)

(0.266)

(0.452)

(0.349)

0.058

-4.009

-11.619

-10.150

-7.593

(0.721)

(1.291)

(3.590)

(6.200)

(5.357)

0.213

-0.041

-0.805

-2.296

-3.698

(0.171)

(0.341)

(1.031)

(1.563)

(1.246)

-0.0004

-0.001

-0.001

-0.002

0.006

(0.001)

(0.002)

(0.005)

(0.008)

(0.006)

-0.0001

-0.0002

-0.001

-0.003

-0.008

(0.001)

(0.003)

(0.009)

(0.017)

(0.013)

0.002

0.006

-0.001

-0.016

-0.013

(0.001)

(0.002)

(0.007)

(0.016)

(0.017)

0.029

-0.097

-0.112

0.374

0.507

(0.047)

(0.079)

(0.287)

(0.343)

(0. 225)

0.018

-0.036

-0.320

-0.547

-0.484

(0.045)

(0.082)

(0.241)

(0.411)

(0.280)

with

college degrees and above

th

and

Standard errors are in parenthesis
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quantile (Figure 11A and 11B). The overall results of the models for the machinery
sector are at least suggestive that its location pattern is one that persists from the
pre-reform era. Because the sector was a major target in the command economy it
is slow to respond to market forces given its particular characteristics.

Table 14 shows the results of the QR model for the electronics and
telecommunication industry. The estimates for intermediate input purchases are
consistently positive and significant across the distribution, while other
agglomeration economies variables are generally insignificant, except for
population with college degrees at the 10th and the 25th quantile, scientific and
polytechnic workers at the 10th quantile, and population at the median. For local
and foreign demand, the total wages estimate is significantly negative from the 10th
quantile to the median. Export sales and foreign capital are generally positive, but
the impact is slight for most quantiles. Finally, the state capital estimate is strongly
significant and positive, with a clearly increasing trend in terms of the extent of
impact, similar to the aggregated manufacturing industry and textile industry, again
showing its reinforcing effect at the higher level of the conditional distribution.
The state subsidy parameter, on the other hand, again implies its breeder effect at
the lower quantile level where it helps increasing the degree of concentration of
manufacturing activities, but the impact turns insignificant above the median
(Figure 12A and 12B).
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Figure 12A. QR Estimates of the State Capital Parameter for
the Electronics and Telecommunication Industry

Figure 12B. QR Estimates of the State Subsidy Parameter for
the Electronics and telecommunication industry
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th

th

Table 14. The Result of QR Model for the Electronics and Telecommunication Industry at 10 , 25 ,
th

th

th

50 , 75 , and 90 Percentiles
10

th

25

th

50

th

75

th

90

th

percentile

percentile

percentile

percentile

percentile

estimates

estimates

estimates

estimates

estimates

5.397

12.022

43.299

75.432

146.368

(2.007)

(3.713)

(8.249)

(19.173)

(44.335)

0.0001

0.0005

0.001

0.001

0.0004

(0.000)

(0.000)

(0.000)

(0.000)

(0.000)

0.0004

0.0004

0.001

0.001

-0.002

college degrees and above

(0.000)

(0.001)

(0.001)

(0.004)

(0.066)

Regional

-0.0003

-0.002

-0.010

-0.012

-0.012

(0.001)

(0.002)

(0.005)

(0.013)

(0.026)

-0.019

-0.051

-0.175

-0.198

-0.235

(0.014)

(0.026)

(0.060)

(0.143)

(0.316)

0.243

0.633

1.092

2.030

3.521

(0.148)

(0.303)

(0.682)

(1.531)

(3.411)

-0.496

-1.056

-1.073

-2.757

-3.971

(0.076)

(0.177)

(0.480)

(1.539)

(4.157)

0.0002

-0.000002

0.001

0.001

0.001

(0.000)

(0.000)

(0.000)

(0.000)

(0.000)

0.0001

-0.0004

-0.001

0.003

0.001

(0.000)

(0.000)

(0.000)

(0.001)

(0.001)

0.008

0.017

0.022

0.037

0.048

(0.001)

(0.001)

(0.001)

(0.003)

(0.006)

0.036

0.052

0.025

0.063

0.100

(0.004)

(0.010)

(0.029)

(0.070)

(0. 100)

-0.032

-0.067

-0.179

-0.211

-0.440

(0.014)

(0.026)

(0.063)

(0.168)

(0.401)

Intercept

Regional intermediate input

Regional

population

scientific

technical workers

Regional population

Diversification index

Total wages

Total export sales

Total foreign capital

Total state capital

Total subsidies

Coal production

with

and

Standard errors are in parenthesis
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In summary, the results of the QR models for aggregated manufacturing
industries and the textiles, machinery, and electronic and telecommunication
industries are generally consistent with the global SEM models, but with more
detail than could be revealed by the global model. The state capital helps local
concentration of manufacturing industries in general, but the effect is much
stronger at the higher level of the conditional distribution, suggesting its
reinforcing effect which helps increase the level of concentration more on the
upper tail of the conditional distribution of location quotient. On the other hand,
state subsidy works more like an industry breeder, which targets locations with
lower degrees of industry concentration on the conditional distribution.

5.3 Results of Non-Stationary Regression Analysis—GWR
Table 15 compares the GWR estimates at their 25th, 50th, and 75th percentiles with
the results of the global SEM model for aggregate manufacturing industry. With
the exception of the diversification index (negative but insignificant in the SEM
model), all other signs of the median estimates in GWR are in agreement with the
SEM estimates, indicating the general consistency of the relationship between
variables. In addition, intermediate inputs, population with college degrees,
population (negative), total wages, as well as the two variables of particular
interest—state capital and state subsidy, have consistent signs from the 25th to the
75th percentiles, although the extent of influences differ. However, a carefully
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Table 15. Spatial Error Model (SEM) and Selected Geographically Weighted Regression
(GWR) Estimates for the Aggregate Manufacturing Concentration Model.
SEM
Estimates
115.87

Intercept

(6.91)

Regional intermediate input

Regional

population

0.039
(0.016)

with

0.007

college degrees and above

(0.002)

Regional

-0.023

scientific

technical workers

Regional population

Diversification index

Total wages

Total export sales

Total foreign capital

Total state capital

Total subsidies

Coal production

and

(0.010)
-0.152
(0.035)
-0.397
(0.442)
0.898
(0.281)
0.212
(0.039)
-0.687
(0.134)
1.576
(0.146)
0.023
(0.005)
-0.070
(0.079)

GWR 25th

GWR 50th

GWR 75th

Percentile

Percentile

Percentile

Estimates

Estimates

Estimates

31.227

102.92

145.304

0.022

0.126

0.250

0.002

0.009

0.017

-0.069

-0.010

0.037

-0.769

-0.319

-0.110

0.199

1.827

3.893

1.363

11.910

19.431

-0.448

0.435

1.406

-2.767

-1.468

1.041

0.541

1.597

3.318

0.008

0.033

0.048

-0.724

-0.304

0.005

Standard errors are in parenthesis
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spatial examination of the GWR results in ArcGIS suggests the clear existence of
spatially non-stationary relationships among variables. For example, intermediate
input has a positive and significant impact on manufacturing concentration in
almost the whole eastern half of the country, but it shows significantly negative
influence around Zhejiang and Guangdong province, two of the most advanced
regional economies in China. In addition, most of eastern China suggests strong
urbanization diseconomies while Fujian and Guangdong implies the opposite.
Figure 13 shows the spatial pattern of t-statistics for the state capital variable. The
map shows that in most of China, state capital exerts a positive and significant
impact on manufacturing location, especially in the northeastern corner, the large
areas in the middle, and in the south extending to the island province of Hainan.
However, it is noted that the impact of state capital is negative and significant in
the lower Yangtze River region around Shanghai, Jiangsu, and Zhejiang. One
possible explanation is this area’s strong dependence on private and foreign capital
for economic development. As for state subsidies, the positive and significant
zones are not as large as those of state capital (Figure 14). These zones include
most of Heilongjiang province, a large area in Central China extending to coastal
Shandon and northern Jiangsu province, as well as a small part of Southern China
around Guangdong and Guangxi in the Pearl River Delta. Similar to state capital,
there is a small area of negative and significant impact near Shanghai for state
subsidies, but the area is further south, centered on Zhejiang and north Fujian
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Figure 13. Spatial Distribution of T-statistics for State
Capital for Aggregated Manufacturing Industry in GWR

Figure 14. Spatial Distribution of T-statistics for State
Subsidy for Aggregated Manufacturing Industry in GWR

103

province. The spatial distribution of local R squares (Figure 15) show that most
models have an R square value above 0.5 and thus the model has good explanatory
power.

The median GWR estimates for the textiles industry also generally have the
same signs as do the SEM estimates, with the exception of foreign capital and coal
production (Table 16). In addition, only the diversification index and coal
production estimates show changed signs between the 25th and 75th percentiles;

Figure 15. Local R-Square for the Aggregated Manufacturing
Industry Model in GWR
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otherwise, the inter-quartile estimates are also consistent. However, relatively
consistent spatial non-stationarity is also found when scrutinizing the GWR results.
Intermediate input has a positive and significant impact on the location of the
textiles industry in almost the whole eastern half of China, except Heilongjiang
province, similar to the result of population, which has a smaller positive and
significant zone. Scientific workers and diversification index have negative and
significant impacts around the Lower Yangtze Delta. For the state activities
variables, counties with local positive and significant state capital effects in their
textile concentrations are

Figure 16. Spatial Distribution of T-statistics for the State Capital
Parameter Estimate for the Textiles Industry Estimate in GWR
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Table 16. Spatial Error Model (SEM) and Selected Geographically Weighted Regression
(GWR) Estimates for the Textiles Industry Concentration Model.
SEM
Estimates
-3.042

Intercept

(8.882)

Regional intermediate input

Regional

population

0.004
(0.0003)

with

0.009

college degrees and above

(0.005)

Regional

-0.073

scientific

technical workers

Regional population

Diversification index

Total wages

Total export sales

Total foreign capital

Total state capital

Total subsidies

Coal production

and

(0.020)
0.514
(0.066)
-1.903
(0.948)
3.622
(0.560)
0.035
(0.001)
0.027
(0.005)
0.139
(0.006)
1.504
(0.131)
0.140
(0.080)

GWR 25th

GWR 50th

GWR 75th

Percentile

Percentile

Percentile

Estimates

Estimates

Estimates

-15.068

-2.780

10.043

0.002

0.004

0.008

0.001

0.007

0.019

-0.136

-0.061

-0.008

0.103

0.313

0.740

-3.501

-1.086

0.425

0.412

1.558

5.022

0.030

0.068

0.110

-0.080

-0.013

0.030

0.089

0.123

0.162

0.400

1.200

1.881

-0.204

-0.030

0.052

Standard errors are in parenthesis
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located across almost the entire country (Figure 16). There are no counties with
negative and significant state capital covariance with the textiles production
location quotients. Positive and significant local covariance of subsidies and
textiles production concentrations is less geographically extensive (Figure 17).
There is a region of those effects extending in a northern tier from around Beijing
into Shanxi, and a larger southern tier from around Shanghai to Chongqing. There
are also a very small number of counties where subsidies have a significant but
negative effect, most notably in the Pearl River Delta and in a thin arc from
Shandong to

Figure 17. Spatial Distribution of T-statistics for the State
Subsidy Parameter Estimate for the Textiles Industry in GWR
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Figure 18. Local R-Square for the Textiles Industry Model in GWR

Henan between the two major positive and significant zones. Figure 18 shows the
spatial distribution of local R-squares for textiles industry, with almost all counties
having R-square values above 0.5.

Like the previous models of the machinery industry, the global SEM model
and GWR model both have poor fit in Eastern China (Table 17). Only
diversification and coal production variables are significant in the SEM model,
which also has a very low R square value. The median estimate for the
diversification index parameter is in accordance with the SEM model, but it is
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Table 17. Spatial Error Model (SEM) and Selected Geographically Weighted Regression
(GWR) Estimates for the Machinery Industry Concentration Model.
SEM
Estimates
233.134

Intercept

(33.38)

Regional intermediate input

Regional

population

0.001
(0.001)

with

0.009

college degrees and above

(0.018)

Regional

-0.038

scientific

technical workers

Regional population

and

(0.071)
-0.283
(0.273)
6.6

Diversification index

Total wages

Total export sales

Total foreign capital

Total state capital

(3.61)
3.727
(2.732)
0.001
(0.004)
-0.005
(0.007)
-0.021
(0.013)
0.199

Total subsidies

Coal production

(0.25)
0.831
(0.361)

GWR 25th

GWR 50th

GWR 75th

Percentile

Percentile

Percentile

Estimates

Estimates

Estimates

147.444

216.871

316.082

0.0004

0.002

0.002

-0.04

-0.03

0.004

0.011

0.073

0.325

-0.335

0.19

0.748

-4.519

2.428

8.318

1.55

7.433

9.02

-0.002

0.003

0.0273

-0.016

-0.006

0.002

-0.042

-0.032

-0.022

-0.458

0.056

0.282

0.059

0.616

1.444

Standard errors are in parenthesis
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negative at the 25th percentile. For the coal production variable, the GWR model
has positive estimates across the inter-quartile range, consistent with the SEM
model. Figure 19 shows that the diversification index has a positive and significant
impact on machinery concentration around the Beijing-Tianjing area and western
Guangdong Province. In addition, coal production is important for the machinery
industry around the Lower Yangtze Delta (Figure 20). The state capital and state
subsidy parameters are not significant, showing their weak or non-existent impact
on the location of the machinery industry in Eastern China. These results again
confirm the weak relationships between market forces and the location of the
machinery industry, reinforcing the importance of historical factors. The spatial
distribution of local R-squares is presented in Figure 21, showing the
unsatisfactory fit of the model.

Table 18 shows that intermediate input and state capital and subsidies all have
positive and significant global impact on local concentrations of the electronics and
telecommunication industry, while the estimates for the number of scientific and
polytechnic workers, population, total wages, and coal production are negative and
significant. Otherwise, the estimates are insignificant. The median estimates of
GWR have the same signs as the SEM estimates except for that on foreign capital
(insignificant in SEM), and all GWR estimates have unchanged signs between
quartiles, suggesting the consistency of the models. Intermediate input has a
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Table 18. Spatial Error Model (SEM) and Selected Geographically Weighted Regression
(GWR) Estimates for the Electronics and Telecommunication Industry Concentration Model.
SEM
Estimates
44.789

Intercept

(7.678)

Regional intermediate input

Regional

population

0.0005
(0.0001)

with

0.026

college degrees and above

(0.004)

Regional

-0.081

scientific

technical workers

Regional population

Diversification index

Total wages

Total export sales

Total foreign capital

Total state capital

and

(0.016)
-0.218
(0.062)
0.614
(0,813)
-1.995
(0.596)
0.0002
(0.0001)
0.0001
(0.0001)
0.013
(0.002)
0.085

Total subsidies

Coal production

(0.03)
-0.364
(0.086)

GWR 25th

GWR 50th

GWR 75th

Percentile

Percentile

Percentile

Estimates

Estimates

Estimates

18.809

24.591

42.422

0.0002

0.0003

0.0004

0.009

0.01

0.01

-0.26

-0.25

-0.02

-0.102

-0.093

-0.088

0.019

1.79

1.854

-1.496

-1.364

-1.348

0.0005

0.0005

0.0005

-0.0003

-0.0003

-0.0001

0.01

0.015

0.026

0.091

0.113

0.121

-0.28

-0.196

-0.188

Standard errors are in parenthesis
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Figure 19. Spatial Distribution of T-statistics for the Diversification
Index Parameter Estimate for the Machinery Industry in GWR

Figure 20. Spatial Distribution of T-statistics for the Provincial Coal
Production Parameter Estimate for the Machinery Industry in GWR
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Figure 21. Local R-Square for the Machinery Industry Model in GWR

positive and significant impact on the location of the electronics and
telecommunication industry along the eastern coast provinces except Guangdong.
As for the spatial distribution of estimates for state capital and state subsidies, state
capital is a positive and significant factor for the whole study area, while the state
subsidies has almost the same impact zone (just excluding Guangdong province)
(Figure 22 and 23). The spatial distribution of local R-Squares is presented in
Figure 24, showing good level of fit in most of the study area.
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Figure 22. Spatial Distribution of T-statistics for the State Capital Parameter
Estimate for the Electronics and Telecommunication Industry in GWR

Figure 23. Spatial Distribution of T-statistics for the State Subsidy Parameter
Estimate for The Electronics and Telecommunication Industry in GWR
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Figure 24. Local R-Square for the Electronics and
Telecommunication Industry Model in GWR
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CHAPTER VI
CONCLUSIONS AND RECOMMENDATIONS

6.1 Conclusions and Policy Implications
China’s economic reform and transition have spanned over thirty years, longer than
the socialist era. They have brought rapid growth and accumulation of wealth, but
also problems. This great dynamic period calls for particular attention from
academic investigators, to understand the multiple underlying processes, help
mitigate major problems, and facilitate sustainability of growth and development.
The research in this dissertation is only a drop in the torrent of analyses on China’s
economic development and industrial location, but it aims to shed some new light
and extend the current literature.

First of all, this study explores the effectiveness of a group of combination
indices used to measure the overall degree of geographical concentration of
manufacturing industries. The two combination indices incorporate both uneven
distribution of industries across spatial units and the levels of their spatial
dependence.

This

method

works

generally

well

on

China’s

two-digit

manufacturing industries and has the potential to be applied when studying the
variation of degrees of agglomeration across industries. The empirical results
indicate that wearing apparel, fur, leather, and down; petroleum processing;
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electronics and telecommunications; and the textile industry have the highest levels
of geographical concentration in China.

In addition, the particular spatial patterns of the textiles industry, machinery
industry, food manufacturing industry, and electronics and telecommunication
industry are examined by the techniques of focal location quotient and local
Moran’s I index. As expected, industrial history and industry characteristics
combine to generate not only different levels of geographical concentration, but
also different spatial distributions of industry clusters. Maps based on the local
Moran statistic tended to identify fewer clusters than found in the FLQ maps.
Using the local measures, the textile industry is found to be generally concentrated
in central and central eastern China, with minor clusters in the northeastern and
northwestern corners. Machinery, as a leading industry of the socialist era, is
apparently still impacted by its historical locations, with major clusters in north
China, especially northeast China. Food manufacturing clusters tend to be away
from the urbanized eastern coast and closely related to major agriculture
production areas, such as northeastern China and eastern Inner Mongolia,
northwest China, and Yunnan and Sichuan provinces. As for the electronic and
telecommunication industries, the demand for human capital, infrastructure and
other amenities is likely to confine its concentration to areas around large
metropolitan areas.
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In the second part of the dissertation, the major objective is to answer why
manufacturing activities concentrate more in certain areas. The potential impact
factors include agglomeration economies, local and foreign demand, and natural
energy resources, and especially state capital and state subsidies. The causes of
local concentration of aggregate manufacturing industry and three 2-digit
industries—textiles

industry,

machinery

industry,

and

electronics

and

telecommunication industry—are all examined. The global SEM model is used to
correct the problem of spatial autocorrelation of the regression residuals. The
empirical results of the SEM models indicates the consistently positive impact of
state capital and state subsidies on the geographical concentration of
manufacturing industries at the county level. Because the relationships between
variables usually exhibit non-stationarity, the QR and GWR models are also
employed in further study, which give rise to more details. For example, the results
of the QR models indicate state capital usually consolidates the existing
manufacturing clusters. In other words, it has greater influence at locations with
higher levels of manufacturing concentration on the conditional distribution. On
the other hand, state subsidy works more like an industrial breeder that helps less
industrialized areas attract more production activities, or at least keep the existing
industries from leaving. Moreover, the GWR model shows the obvious spatial
variation of the relationships. Except for the machinery industry, state capital and
state subsidies show strongly positive impact in most areas for aggregated
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manufacturing industry, and in the textiles industry and electronics and
telecommunication industry in particular. These findings show the strength of the
impact of state activities on manufacturing industry location in China.

The results of this dissertation can provide several policy implications. The
results of measuring agglomeration at both the global and local level present some
clear pictures of industrial geography, which can become benchmark information
for policy makers. The global SEM models provide information on general impacts
of many factors on the geographical concentration of manufacturing industries in
China. But it is better to examine these relationships in detail. Overall, the quantile
regression model is good at differentiating the factors that contribute to regional
inequality and those that bring convergence. For example, the finding that state
capital and state subsidy work in different ways contributing to local concentration
of manufacturing industries has policy implications. For example, if the objective
of the policy is to build strong manufacturing clusters, increasing the state capital
input may have better potential benefits. On the other hand, state subsidy can better
be used to trigger intensification of manufacturing activities in areas with a limited
industrial base, and thus new industrial clusters could be formed. In addition, the
result of the GWR model can serve to tell those areas that should become the
targets of the policies in order to make them more effective.
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6.2 Future Research Directions
Because of the dynamism and complexity of the geographical concentration of
China’s manufacturing activities, further research is still needed. First of all, the
combination indices could be refined even more and more empirical studies are
needed to test their effectiveness. Second, it will be interesting to apply the
combination indices into cross industry agglomeration models to see how different
factors affect the degrees of agglomeration across industries. Because of data
limitations this study does not include this type of model, but it would be a good
approach in future research. Third, looking for industry clusters of particular
sectors will not only be helpful in understanding the underlying economic
geography of China, it will also facilitate policy formation. Further, additional
local statistical techniques could be applied during this process. Last but not least,
the impact of state activity such as state capital and state subsidies in China
deserves more attention in research and should become a key topic in the study of
China’s economic development. In short, more theoretical and empirical studies on
the geographical concentration of manufacturing activities from multiple
perspectives are needed to enrich the literature. Hopefully the study presented here
will become a useful stepping stone.
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APPENDIX
Herfindahl index:
For industry i, the Herfindahl index can be calculated as
Hi= ΣjSij2

(12)

where Sij is the proportion of activities (in terms of employment in this paper)
of industry i in county j, with respect to the total activities of industry i for the
whole study area. More specifically, if Xij is the employment of industry i in
county j, Sij = Xij / ΣjXij. The value of Hi will be equal to one if all production
activities are concentrated in only one county. In contrast, if production is evenly
distributed across all counties, Hi will be close to zero (to be exact, the square of
the inverse of the number of spatial units). Therefore, the higher the value of Hi,
the more uneven the distribution of production will be across observations.

Gini coefficient:
The Gini coefficient has been widely used in measurement of uneven
distributions across observations. Its theoretical background lies in the concept of
the Lorenz curve, with its value equal to twice the area between the 45° line and
the Lorenz curve. In practice, the Gini coefficient could be calculated using the
following formula:
G 

13 465

∑#8 ∑)8s)  s# 

(13)

where n is the number of counties, Sij is the share of industry i in county j, Sik is the
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share of industry i in county k, and s6$ is the average of shares of industry i.
Similar to the Herfindahl index, the Gini coefficient has a range from zero to close
to one. If production is evenly distributed, the value will be zero, whereas if one
county contains all production, the value will be close to one. This formula is also
used in Wen (2004).

Moran’s I:
The Moran’s I index is one of the most widely used global measures of spatial
autocorrelation. Anselin (1995) gives the formula of Moran’s I:


I  :; = ∑8 ∑)8 w) x  x>x)  x>?∑8 x  x>1
<

(14)

where n is the number of counties, wij is the element of the spatial weights matrix
for pair i and j, S0 is ∑8 ∑)8 w) , and x> is the average of x. The Moran’s I index
has similar a theoretical background to a correlation coefficient and has a similar
range of (-1, 1). A positive Moran’s I value means high value units are close to
high value units and low value units are close to low value units, while a negative
value indicates the opposite, with high value units surrounded by low value units
and low value units surrounded by high value units.

Getis-Ord:
The Getis-Ord index, sometimes called the general G statistic, is another often
used measure to account for the degree of clustering of high values and low values.
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The formula of the Getis-Ord index is:
G

B
∑B
CD ∑ACD @A  A

(15)

B
∑B
CD ∑ACD  A

where xi and xj are attribute values for county i and county j, depending on the
specific industry. In contrast to the Moran’s I index, the Getis-Ord index employs
the direct multiplication of value pairs, rather than using their deviation from the
mean, thus providing another perspective for explaining spatial dependence.

Local Moran’s I
Anselin (1995) also provides a local version of the Moran’s I index, to identify
the spatial pattern of activities. Generally, the local Moran’s I is the decomposition
of the global Moran’s I index into its local elements. The local Moran’s I takes the
form:
I 

 (
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(16)

;

where n is number of counties, yi is the value of the variable of interest at county i,
y> is the average of the variable, wij is the element of spatial weight matrix for
county pair i and j, and S is the average of the squared deviation from the mean.

Quantile Regression:
To understand quantile regression clearly, it is appropriate to review the definitions
of the mean, median, and other quantiles of a variable distribution from another
perspective. Given a distribution of y, if we calculate the minimum value of the
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objective function:


∑8 y  µ1

(17)

the solution is that µ equals the mean of the distribution y. If we try to minimize
the function:


∑8 |y  m|

(18)

the result is that m is equal to the median of the distribution y. Further, the solution
to the minimization question:




∑ &|y  t|

(


∑ I|y  t|

, where 0 < q < 1,

(19)

is achieved if t equals the qth quantile of y, when the proportion q of y is below t
and the proportion (1-q) of y is above t.
Similarly, this definition can be taken into the parameter estimation of
regression models. In OLS estimation, the parameter β is estimated to minimize
the sum of the squares of the difference between the observed value and the
predicted value, with the objective function:
∑8 y  x β1

(20)

Therefore, given any meaningful value of xi, we can predict the conditional mean
of the population y. In other words, the OLS estimation tells us the average in the
population of y corresponding to a fixed value of the covariate x, or the change of
the mean of y given one unit change of x. However, in the real world, the basic
proposition that the relationship between the average of the population and the
covariate can represent the relationships across the whole distribution of the
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dependent variable usually does not hold. For example, if getting a master’s degree
increases the income of an average person by 10,000 dollars, for a person on top of
the income distribution, the increase may be much higher. Therefore, it is
necessary to look at the relationship between dependent and independent variables
across the whole conditional distribution of the dependent variable.
Consider this, if we estimate the parameter β so as to minimize the objective
function:
∑8 |y  x β|

(21)

at the solution x β equals the median of y, meaning that one unit change of x will
cause β unit change of y, positive or negative. Because of the nature of median, this
estimate is less affected by outliers. However, similar to the OLS estimation, the
median regression only tells us the relationship at the center location, while the
shape of the relationships across the whole distribution of the dependent variable is
unknown. To solve this problem, the parameter estimation can be expanded to the
whole conditional distribution of the dependent variable, by minimizing the
function:
∑  JK qy  x β 


∑ 

 JK 1

 qy  x β 

(22)

In doing so, we get the optimum solution where x β equals the qth quantile of
the conditional distribution of y. β can be interpreted as the change of the qth
quantile on the conditional distribution of y given one unit change of x. Therefore,
we can have a picture of the impact of x on y across the whole distribution, which
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presents more details about the relationship than does OLS regression.
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